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ABSTRACT

Nurses spend on average one third of their time on direct patient care, and most on
indirect care in hospital settings. However, nursing workload is challenging to measure in a
systemized, accurate, and timely way. Patient classification systems are designed to capture
information about nursing workload based on the illness severity of the patient (acuity) to
determine staffing resources and balance nursing workload. These systems are instruments that
group nursing care activities in different categories to determine patient acuity. Electronic health
records provide opportunities to use available data sets to accurately, and in real-time, document
many direct and indirect patient care activities that can be used to generate an acuity score.
Several fully integrated systems are available, of which some have demonstrated a decrease in
resource utilization and staffing cost. Many studies found a relationship between nursing
workload and patient outcomes, but few have used a PCS to predict medication errors.
The purpose of this dissertation was to explore the relationship between nurse workload
measurements: productivity, acuity level and nursing degree levels and nurse medication errors.
It was hypothesized that understaffing resulted in increased nursing medication errors. The study
site provided an ideal situation to conduct the research as the same proprietary patient
classification system had been deployed at four hospitals. The Patient Care Delivery Model
informed the variables for the input, throughput and output concepts of the model. The predictor
variable was productivity level (nurse staffing) and the outcome variable was nursing medication
errors. Covariates were proportion of nurses with baccalaureate degree and higher, and patient
acuity derived from the patient classification system.
iii

Findings from generalized estimating equations analyses revealed that productivity was
not a predictor of nursing medication errors. Nevertheless, productivity may be clinically
significant. A higher proportion of BSN and higher degrees was associated with the odds of less
medication errors. Medication errors may have been underreported, which may have influenced
the findings. A review of the literature was conducted to examine research related to the research
and to identify gaps. This review is presented in the final dissertation manuscript. The knowledge
gained from this research indicates that although findings were non-significant, patient
classification systems should be explored further to measure the effect of productivity on nursing
sensitive indicators.
Keywords: nursing workload, patient classification systems, medication errors,
generalized estimating equations
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This work is dedicated to the nurses and healthcare providers that endured the challenges of the
COVID-19 pandemic and showed professional and compassionated care to their patients, their
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CHAPTER ONE: INTRODUCTION
Patient Classification Systems (PCSs) indirectly measure nursing workload to determine
staffing resources for management of patient care activities and for balancing nursing workload
(Sir, Dundar, Barker Steege, & Pasupathy, 2015). The effect of nursing workload on patient
outcomes has been reported in many studies. Higher nursing care hours, or nurse to patient ratios
for surgical patients have been associated with lower failure to rescue events, urinary tract
infections, and medication errors (Aiken, et al., 2002; Holden et al., 2011; Needleman, et al.,
2002). However, these findings are not consistent as some studies found that workload had no
effect on patient falls and mortality (Brennan et al., 2012; Shekelle, 2013). These contradictions
may be contributed to the paucity of valid and reliable patient classification or acuity systems
(Brennan, et al., 2019; Fasoli & Haddock, 2010). The first manuscript (Chapter 2) is a review of
the literature regarding measuring nursing workload and the effect on patient outcomes..
Some workload systems require time consuming manual scoring of care related items to
measure the acuity status of the patient (Choi, et al., 2011). The emergence of electronic health
record (EHR) integrated PCSs has renewed organizational interest in measuring patient acuity
near real-time through automated systems. Several vendor-based systems are available to support
acuity-based staffing decisions. The premise of many PCSs is that balanced nursing workload
improve nursing satisfaction and reduce cost (Casper & Pickard, 2013). Predictive analytics are
available in EHRs, such as Epic (Epic Systems Corporation, 2020), and Cerner Clairvia
(Cerner, 2020). However, near real-time information about the predictability of patient harm
related to nurse staffing is novel and may provide leverage for nurse leaders to advocate for
adequate staffing resources to ensure patient safety. The contribution of these systems to
1

improving nursing sensitive patient outcomes needed further exploration which led to the
dissertation research (Chapter 3).
The primary objective of the dissertation research was to identify near real-time
predictors of nursing medication errors that will be readily available to nurses responsible for
making informed and safe staffing decisions. Changing from ratio-based to acuity-based staffing
and harm probability indicators would be a paradigm shift and may have implication for staffing
laws. The study examined the association between productivity (differences between the PCS
calculated care hours and the actual worked care hours) and nurse sensitive medication errors.
Hypothesis: Productivity (understaffing) on inpatient units are associated with increased
occurrences of nursing sensitive medication errors.
The dissertation research was guided by the theoretical framework the Patient Care
Delivery Model (PCDM) (O'Brien-Pallas, et al., 2011) derived from General Systems Theory
(GST) (Bertalanffy, 1950). This model includes elements of Jelinek’s (1967) patient care
operations theory and is framed around the constructs of Input, Throughput, and Output. These
constructs interact and influence each other through feedback loops, which renders PDCM an
open system model (Meyer, et al., 2009). Input included the Covariates proportion of nursing
degrees (BSN and higher), and average acuity level (AAL). The Predictor variable was
productivity and reflected Throughput. The Output (Dependent Variable) was nursing sensitive
medication errors. All variables were selected on empirical literature review, except the
productivity variable which was a staffing indicator from the PCS used for the study.
The sample included four (4) hospitals in the south-eastern United States consisting of 30
inpatient units as subject variable (medical-surgical, and progressive care units). All hospitals
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were from the same hospital system. All data were collected retrospectively as monthly averages
from June 1, 2018 - May 31, 2019 per unit and categorized for statistical analyses. Data sources
included organizational staffing databases, event management systems, organizational experts
and a proprietary PCS. The PCS was integrated into the EHR and automatically calculated the
acuity (patient illness severity) based on nursing documentation, admissions, discharges,
transfers, and patient volumes. The higher the score the higher the patient acuity and the more
nursing care hours were needed. Nursing care hours included staffing hours for nurses, licensed
practical nurses and nursing assistants. Institutional Review Board approval was obtained from
the University of Central Florida, and Orlando Health in 3/18/2020. Data were collected on an
Excel spreadsheet and validated through a rigorous process using internal experts. Strong
interrater reliability was established between the researcher and an organizational expert for the
selection of nursing medication error data.
Generalized Estimating Equations (GEE) with univariate negative binomial regression
analysis was conducted to analyze the data with the hospital unit as subject variable, month as
within subject variable (time variable) and nursing medication errors as the outcome variable.
Thirty (30) inpatient units were a sufficient sample size for the GEE analysis (Garson, 2013).
Finding revealed that productivity did not predict nursing medication errors. The covariate
nursing degrees was significantly associated with decreased medication errors with increased
percentages of BSN and higher degrees. The overall reported medication errors appeared low, in
addition to unit sample size, may have contributed to the non-significant findings.
Underreporting of medical errors are common and the potential impact on the study results led to
a review of reasons for underreporting in the final manuscript (Chapter 4).
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CHAPTER TWO: WORKLOAD MEASUREMENT SYSTEMS AND
PATIENT OUTCOMES: AN INTEGRATIVE LITERATURE REVIEW
Abstract

The aim was to identify whether there an association exists between patient classification
systems, acuity systems and other workload measurements and nursing-sensitive patient
outcomes on medical surgical and step-down units.
Although nursing workload measurement systems have been available for many decades
and despite technological progress, nursing workload measures and measures that link nursing
workload to patient outcomes remain a challenge. New workload and acuity software systems
use a big data approach to generate workload measurements by mapping clinical activities from
electronic medical records, and these analytical technologies may offer an opportunity to more
accurately link nursing workload to patient outcomes.
A search of five electronic bibliographic databases were conducted: Cumulative Index to
Nursing and Allied Health Literature Plus with Full text, Academic Search Premier, Cochrane
Central Register of Controlled Trials, Cochrane Database of Systematic Reviews, MEDLINE
and PsycINFO. Publications were included if they described nursing workload measurement
systems related to patient outcomes. Articles were excluded if they were systematic literature
reviews and not focused on inpatient acute care or step-down units. No limiters were placed on
the time period search. SQAC checklists, Johns Hopkins Non-Research Evidence Appraisal
Tool, and COSMIN were used for quality appraisal. This review was guided by Whittemore and
Knafl’s framework and the PRISMA checklist.
7

Seventeen articles met the search criteria and were categorized according to study design,
patient outcomes, and types of workload measurement systems. Level of evidence, study
variables and patient outcomes varied significantly between studies.
Workload measurement systems are becoming more integrated in electronic health
records and staffing systems offering almost real-time information. Further research is needed to
establish validity and reliability and to predict patient outcomes. Near to real-time patient acuity
information requires innovative and flexible staffing management to ensure patient needs are
met. Predictive staffing models can provide nurse leaders with the evidence needed to advocate
for adequate staffing resources.
Keywords: Nurses, patient classification systems, quality of care, patient acuity,
workload, review

Introduction

Nursing workload measurement systems such as patient classification or acuity systems
have been available for many decades. Systems deploy different methodologies to determine
adequate staffing while accounting for patient needs and flexibility of staffing requirements
(DeGroot, 1994). Despite technological progress, nursing workload remains a challenging
concept to measure and capture in an accurate and timely way. Equally challenging to measure is
the link between nursing workload and patient outcomes (Fasoli & Haddock, 2010).
Nurse-to-patient ratios have been explored as a measure of workload in many studies, and a
negative relationship between these ratios, patient mortality, and failure to rescue have been
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reported (Aiken, Clarke, Sloane, Sochalksi, Silber, 2002; Unruh, & Ning Jackie, 2012). Despite
the existing evidence, nurse-to-patient ratios do not explain this relationship completely
(Shekelle, 2013). Staffing ratios should be based on patient acuity, which can now be measured
near real-time through new technological solutions integrated into electronic health records
(EHR; Malloch & Meisel, 2013). New workload and acuity software systems use a big data
approach to generate workload measurements by mapping clinical activities from electronic
medical records (Garcia, 2017), and these analytical technologies offer an opportunity to more
accurately link nursing workload to patient outcomes (Malloch, 2015).

Background

There are various definitions of nursing workload. Swiger et al. (2016) offer the
following definition in their concept analysis: “Nursing workload is the amount of time and
physical and/or cognitive effort required to accomplish direct patient care, indirect patient care,
and nonpatient care activities” (p. 252). Other authors define nursing workload in terms of time
spent in direct and indirect patient care, both within the context of workflow and time spent for
nurse professional development (Alghamdi, 2016). Most of nurses’ time is spent in direct and
indirect patient care, but the challenge is how to capture these activities accurately to optimize
immediate patient care needs (Alghamdi, 2016; Cruz, Bonfim, Gaidzinski, Fugulin, & Laus,
2014).
Nursing workload measurement systems quantify patient care needs to determine staffing
resources for management of patient care activities and to balance nursing workload (Sir,
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Dundar, Barker Steege, & Pasupathy, 2015; Swiger, Vance, & Patrician, 2016). These systems
are referred to as patient classification systems (PCS) that group specific nursing care activities
in different categories to determine patient care requirements and associated resources (Malloch
& Meisel, 2013; De Groot, 1989). PCS include methods and processes to determine patient and
family care needs during a certain time period to support, validate and monitor unit staffing,
create balanced patient assignments, effectively manage staffing budget and cost of nursing
services, and assure quality of care (De Groot, 1989). Nursing workload measurement systems
can also include patient acuity systems. PCS and acuity systems, which are often used
interchangeably in the literature, are not the same concepts, however, although they are related.
PCS classify patients based on severity of illness, and acuity systems determine the amount of
resources needed to support staffing decisions and unit productivity for the provision of care
(Finkler, Kovner, & Jones, 2007). Nursing workload measurement systems, including PCS and
acuity systems, can be integrated into electronic health records (EHRs). These integrated systems
provide opportunities to capture nursing workload accurately and in a timely manner (Malloch
&Meisel, 2013; Harper, 2012).
The impact of nurse staffing on patient outcomes is reported in many studies. For
instance, higher nursing care hours (time), or lower nurse-to-patient ratios for surgical patients
are associated with less urinary tract infections and decreased failure to rescue (Aiken, et al.,
2002; Needleman, Buerhaus, Mattke, Stewart, Zelevinsky, 2002). Additionally, higher nurse and
nursing assistant care hours are associated with decreased incidences of pressure ulcers,
pneumonia, sepsis, and likelihood of medication errors (Duffield et al., 2011; Holden et al.,
2011).
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Optimizing care hours can, however, be challenging in a time of increasing healthcare
costs and world-wide nursing shortages. Hospital administrators need to be innovative and
flexible in balancing expensive staffing needs to meet the high demands of quality patient
outcomes (Buerhaus, 2010; Stone et al., 2007). PCS and acuity systems can offer effective
staffing solutions that meet high quality and safety demands (Malloch & Meisel, 2013).

The Review

Aims

The aim of this integrative review was to determine what is known about measuring
nursing workload, patient classification systems (PCS) or patient acuity systems, and the effect
on patient outcomes in medical-surgical units.

Design

The updated methodology framework by Whittemore and Knafl (2005) was used in this
integrative review. The method consists of five stages: 1) problem identification, 2) literature
search, 3) data evaluation, 4) data analysis and 5) presentation. This review method includes
research, evidence-based practice, and quality improvement publications to provide multiple
viewpoints about PCS/acuity systems and outcomes. The Preferred Reporting Items for
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Systematic Reviews and Meta-Analyses (PRISMA) checklist was used to ensure that pertinent
items were reported (Alessandro et al. 2009).

Search Methods

A comprehensive search was conducted using the electronic databases Academic Search
Premier, Cumulative Index to Nursing and Allied Health Literature (CINAHL) Plus with Full
text, Cochrane Central Register of Controlled Trials, Cochrane Database of Systematic Reviews,
MEDLINE, and PsycINFO. The search terms included “hospital or inpatient or acute care or
med surg,” and “systems or tool” and “nursing intensity or workload measurement or patient
classification,” and “acuity” or nurse-to-patient and ratio.” The date range did not include any
time limiters because workload measurements have been used for decades, and a historic
perspective may have added additional insight to this review. The search resulted in 201 articles
ranging from 1987 to 2019.
Publications were included if they were peer-reviewed research, evidence-based practice
or quality improvement initiatives that described PCS, patient acuity tools, workload
measurement systems or nurse intensity metrics in relation to nursing-sensitive patient outcomes.
These included, but not limited to, outcomes such as patient falls, pressure ulcers, hospitalacquired infections, failure to rescue, mortality rate, medication errors, and length of stay (LOS).
Articles in languages other than English and literature reviews were excluded. The focus
was on acute care hospitals and inpatient units, specifically medical surgical units. Other units
such as ambulatory, outpatient, intensive care, rehabilitation, behavioral health, obstetrical and
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pediatric settings were also excluded. Initially, titles were screened, followed by abstract and
full-article review to determine inclusion.

Search Outcomes

The initial database search resulted in 201 articles. Duplicates were excluded by the
search engine, and abstracts and titles were screened for inclusion and exclusion criteria. An
additional 11 articles were identified through a review of the reference lists and sentinel works
not included in the initial search. After full text reviews and removal of duplicates, 17 full-text
articles were included for the integrative review. The details of the search strategy are available
in Figure 1.
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Identification

Records identified through

Additional records identified

database searching

through other sources

Eligibility

Screening

Records after duplicates removed

(n = 212 )

Records screened

Records excluded

(n = 212 )

(n = 129 )

Full-text articles

Full-text articles

assessed for eligibility

excluded, with reasons

Studies included in

Included

qualitative synthesis

Studies included in
quantitative synthesis
(meta-analysis)

Figure 1. Search Results Prisma 2009 Flow Diagram
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Quality Appraisal

All research articles were evaluated using the Standard Quality Assessment Criteria
(SQAC) tool for qualitative and quantitative studies (Kmet, Lee, & Cook, 2004). The reviewer
rated each quantitative study by using a list of assessment criteria and by scoring each item from
0 to 2 as no (0), partial (1), yes (2), or not applicable (n/a). The numbers across all reviewed
studies were added for a final score and divided by the total possible score (Kmet, et al., 2004).
The Consensus-based Standards for the Selection of Health Measurement Instruments
(COSMIN) (Mokkink et al., 2018) checklist was used for the psychometric appraisal of the de
Brennan et al. (2012) study. The COSMIN includes a 4-point scale checklist with items to rate
validity and reliability from inadequate to very good using the user guide.
Casper and Pickard’s (2013) quality improvement initiative was evaluated by the Johns
Hopkins Non-Research Evidence Appraisal Tool (Dang, & Dearholt, 2017). This tool includes a
checklist of basic non-research review items with a rating matrix of A) high quality, B) good
quality, and C) low quality.
Levels of evidence of all articles were assessed using the rating system for the hierarchy
of evidence by Melnyk, Gallagher-Ford, and Fineout-Overholt (2015). Most studies were
descriptive correlational analyses (Level VI). Overall, the quality of the 17 reviewed articles was
better than average for Level VI studies and quality improvement, with the exception of two
scoring below average.

15

Data Abstraction and Synthesis

The data analysis phase of an integrative review includes data reduction, data display,
comparison, drawing conclusions, and verification. This includes reducing biases when
synthesizing the findings (Whittemore & Nafl, 2005). Data for this review was extracted and
summarized in Table 1 displaying important aspects of the publication such as authors, year,
study design, sample description, goal, results, appraisal, and limitations. Iterative comparisons
were used to identify themes, patterns, and relationships for synthesis and final conclusions
(Whittemore and Nafl, 2005).

Results

The review included 15 quantitative studies, one mixed-method study, and one quality
improvement project. Details are presented in Table 1.

Workload Measurement Methods

The methods of measurement and determination of nursing workload varied significantly
across the reviewed studies. Some authors described specific tools and others used staffingrelated measures to indicate workload.
Acuity and Patient Classification Systems

16

Five articles used an acuity score generated from a PCS or acuity system to measure the
care intensity of the patient, to determine nurse workload, and to identify relationships between
one or more patient outcome variables (Brennan & Daly, 2009; Duffield, et al., 2011; Junttila, et
al., 2016; Garcia, 2017; Mien Li Goh, Vehviläinen-Julkunen, Hong-Gu He, Ang, & Yiong-Huak
Chan, 2018). Three articles presented details of the methodology used to generate the acuity
score or the classifications system used to calculate the score (Brennan & Daly, 2009; Junttila, et
al., 2016; Garcia, 2017). Some referred to taxonomies such as the Nursing Outcomes
Classification (NOC) developed by NANDA International (2018) (Casper &Pickard, 2013;
Garcia, 2017; Stifter et al., 2015). Table 1 provides details of the five PCS and acuity systems of
studies included in this review, including conceptual framework, methodology, reliability and
validity.
Table 1 Overview of Acuity and Patient Classification Systems
Acuity/PCS

Conceptual
Framework

Methodology

Reliability/Validity

Studies

Oncology Acuity
Tool (OAT)
(Brennan & Daly
2009)

Brennan &
Daly’s
concept
analysis
(2009)

10 Dimensions
of Care are
rated
(0 - 3)

Interrater reliability,
intraclass correlation
coefficient (ICC)

Brennan &
Daly 2009

PRN-80
(Programme de
Recherche en
Nursing) (Chagnon,
Audette, Lebrun, &
Tilquin, 1978)

Not
reported

PRN-80 (214
tasks each = 5
minutes –
assessed every
24 hours)

Interrater reliability
87.2%

Duffield et al.,
2011
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Acuity/PCS

Conceptual
Framework

RAFAELA/Oulo
Holistic
PCS (Fagerström et nursing
al., 2000; Andersen, science
Lønning, &
Fagerström, 2014)

Cerner Clairvia
Outcomes-Driven
Acuity (O-DA)
(Cerner, 2019; Eck
Birmingham, Nell,
& Abe, 2011)
TrendCare Patient
Acuity System
(TrendCare, 2019;
Lowe, 2015)

Model of
Reflective
Clinical
Reasoning
(Pesut&
Herman,
2006)
Not
reported

Methodology

Reliability/Validity

Studies

Documentation
of care needs
met – care
intensity points
(1 - 4) given to
six-domains of
care
Nursing
documentation
aligned with 16
NOCs

Concurrent validity
0.366; construct
validity, Cohen’s
Kappa within patient
classes 0.57- 0.81

Juntilla et al.,
2016

Construct validity
based on expert
opinions, interrater
reliability >85%

Garcia, 2017

Pre-assigned

Interrater reliability >
90%, and validity
reported (no
psychometric data
provided)

Mien Li Goh et
al., 2018

acuity based on
patient
population, use
of electronic
documentation

Most PCS or acuity systems required manual input per shift or daily input from nurses,
either in paper or electronic format, or a combination thereof to calculate an acuity score
(Brennan, et al., 2012; Junttila et al., 2016). In two articles, use of the same vendor-based PCS
that automatically calculates a near real-time acuity score based on nursing documentation from
the electronic health record (EHR) was reported (Casper & Pickard, 2013; Garcia 2017). In
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several studies the acuity score was measured, but authors did not describe how scores were
generated (Duffield et al., 2011; Choi, & Staggs, 2014; Kim, & Bae, 2018; Pitkäaho, et al., 2015;
Potter, Barr, McSweeney, & Slegde, 2003; Yu, Ma, Sun, Lu, & Xu, 2015).
Nurse Staffing Indicators
Along with acuity scores, different staffing indicators were used to measure workload.
Several studies accessed data from non-nursing data sources, such as financial and staffing
databases. Nursing workload was calculated by hours worked, or it was based on nurse-to-patient
ratios (Aiken, et al., 2002; Carr-Hill, & Jenkins-Clarke, 1995). Staffing data collected by
hospital organizations captured hours worked but not specific nursing activities or work
(Magalhães, Dall’Agnol, & Marck, 2013).
Multiple methods and staffing indicators were used to determine the actual hours nurses
spent in patient care. Nursing hours per patient days, worked hours per patient days, and RN
hours per patient, were used as indicators of workload or as control variables in analyses to
determine optimal staffing ratios and the effect on nursing- sensitive patient outcomes (Choi &
Staggs, 2014; de Magalhães et al., 2013; Duffield et al, 2011; Mien Li Goh et al., 2018; Pitkäaho
et al., 2015; Schreuders, Bremner, Geelhoed, & Finn, 2015; Stifter et al., 2015).

Reliability and Validity

Tool reliability and validity are important aspects of measurement to ensure that results
accurately reflect concepts (Waltz, Strickland & Lenz, 2017). Only four of 17 studies reviewed
reported validity and reliability of the acuity or workload measurement tools. Brennan et al.
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(2012) described content validity and provided psychometric results of concurrent and predictive
validity testing of the Oncology Acuity Tool (OAT). Mien et al. (2018) used the TrendCare
acuity tool, which is extensively used in Australia, New Zealand, and Thailand (TrendCare,
2019). It includes five levels of care, which allocate a specific number of nursing hours based on
clinical and non-clinical documentation in the EHR. The higher patients’ acuity levels, the more
care hours assigned. Interrater reliability for TrendCare system users from a study conducted in
Singapore was reported at 90% (Mien et al., 2018). Validity and reliability of the RAFAELLA
acuity system was reported in multiple studies per authors, and predictive validity for patient
mortality was supported with sound psychometric results (Junttila, et al., 2016). Cerner Clairvia
Outcomes-Driven Acuity (O-DA) was used by Garcia (2017), who reported construct validity
and interrater reliability (Eck Birmingham, Nell, & Abe, 2011). However, validity details were
not provided, and interrater reliability should be verified at frequent intervals with 85% as target
score (Eck Birmingham, Nell, & Abe, 2011).

Nursing Resources

The goal of measuring patient acuity or nursing workload is to determine resources to
ensure optimal patient care and outcomes (Malloch &Meisel, 2013). Additional staffing
resources are sometimes expressed as a skills mix, which is a ratio of licensed nursing staff to
unlicensed personnel, such as nursing assistants. Patient care needs were calculated based on
different levels of care providers such as nursing assistants, Licensed Practical Nurses (LPNs) or
other support staff (Carr-Hill, & Jenkins-Clarke, 1995; de Magalhães et al., 2013; Duffield et al.,
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2011; Pitkäaho et al., 2015; Schreuders et al., 2015). One study used four levels of care
(intensive care, primary care, secondary care, tertiary care), plus direct and indirect task
measurements to determine staffing needs (Yu et al., 2015). The higher the level of care, the
more staffing hours needed. Several authors included nurse-to-patient ratios, or ratios based on
care classification levels, as predictor variables to determine the association between ratios and
patient outcomes (Aiken et al., 2002; Choi & Staggs, 2014; Shekelle, 2013; Stifter et al., 2015;
Yu et al., 2015; Yuntilla et all, 2016).

Outcomes

Nursing-sensitive indicators are measures that include structure, process and outcomes
specific to nursing care (Montalvo, 2007). These measures have been collected from national
databases for more than 20 years through the National Database for Nursing Quality Indicators
(NDNQI) or the Collaborative Alliance for Nursing Sensitive Outcomes (CALNOC; Press
Ganey, 2019). Both organizations categorize specific patient outcomes as nursing-sensitive and
use standardized definitions and collection methods. CALNOC includes additional patientrelated indicators such as medication administration errors, surgical site infections, and restraints
(Press Ganey, 2019).
The outcome variables of the reviewed publications covered several indicators used to
identify a relationship between nursing workload and patient outcomes. Most outcomes were
nursing-sensitive indicators such as pressure ulcers, failure to rescue, non-rapid response calls,
patient satisfaction with nurses, urinary tract infections, surgical wound infections, and
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medication errors (Aiken et al., 2002; Brennan et al., 2012; Casper & Pickard, 2013; Choi &
Staggs, 2014; de Magalhães et al., 2013; Duffield et al., 2011; Holden et al., 2011; Mien et al.,
2018; Potter et al., 2003; Schreuder et al., 2015; Stifter et al., 2015; Yu et al., 2015). Other
outcomes were indirect nursing-sensitive outcomes such as patient mortality, length of stay
(LOS), self-care, pneumonia, deep venous thrombosis, and cardiovascular, neurological,
metabolic events, sepsis, and/or gastrointestinal bleeding (Aiken et al., 2002; Casper & Pickard,
2013; Garcia, 2017; Junttila et al., 2016; Schreuder et al., 2015; Pitkäaho et al., 2015; Potter et
al., 2003; Yu et al., 2015). A positive correlation was found between higher nursing hours and
patient hygiene and discharge; however, no other specifics were provided about quality
indicators (Carr-Hill, & Jenkins-Clarke, 1995).
Patient acuity was not predictive of patient falls for one study (Brennan et al., 2012).
While other studies showed an association between increased acuity and patient falls, or
decreased staffing hours and patient falls index (de Magalhães et al., 2013; Potter et al., 2003).
Patient mortality was positively associated with higher acuity, workload measurements, and
staffing ratios (Aiken et al., 2020; Yu et al., 2015; Yuntilla et al., 2016). One study, however,
reported a negative association between the odds of patient mortality and decreased workload or
higher staffing hours, which authors explained was potentially due to mandated higher staffing
levels (Schreuder et al., 2015). Staffing adequacy, or decreased workload was associated with
fewer pressure ulcers (Duffield et al., 2011; Choi & Staggs, 2014). Other studies did not identify
an association between staffing variables or workload and pressure ulcers (Kim, & Bae, 2018;
Schreuder et al., 2015; Stifter et al., 2015).
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The integrated review is presented in Table 2, which summarizes key details of the
research articles, including the study author and study design, sample, study timeframe, study
aim, results section, limitations, appraisal results, levels of evidence, and measurement.
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Table 2. Evidence Table Patient Classification System, Acuity and Workload Studies
Authors

Study

Sample/ Study

Design

Timeframe(s)

Aiken,

Descriptive

A sample of 168

Identify if nurse

Clarke,

correl-

adult hospitals in

Sloane,

ational

Pennsylvania

Sochalksi, &

analysis

Silber (2002).

Study Aim(s)

Measurement

Results

unit/Definition
•

Appraisal &
Limitations

Patient load (mean

Each added patient per

SQAC: 1.0

staffing effects

staffing measure for

nurse associated with 7%

Evidence level

patient outcomes

workload)

increase likelihood of 30-

VI

Nurse-to-patient

day mortality OR = 1.07

ratios

(CI 95%, 1.03-1.12). A 7%

Potential

•
Data from
232342 patients

•

Patient mortality

increase in odds of failure

response bias for

(age 20 - 85),

•

Failure to rescue

to rescue, OR = 1.07 (CI

the nurse survey.

and 10184

•

Nurse burnout

95%, 1.02-1.11)

Hospital were

nurses

•

Job dissatisfaction

from one state.
Each added patient per

20 months

nurse associated with 23%
increased odds of burnout,
OR 1.15 (CI 95%, 1.131.34) and 15 % increase in
job satisfaction, CI 1.15
(CI 95%, 1.07-1.25)

24

Authors

Study

Sample/ Study

Study Aim(s)

Measurement

Results

Design

Timeframe(s)

Brennan,

Descriptive

Metropolitan

To establish tool

•

Acuity score

The interrater reliability

COSMIN:

Daly,

analysis

hospital in the

reliability and

•

Patient falls

for the tool was .95, p =

Moderate

Dawson,

and

Midwest United

validity, in

•

Rapid response team

.001).

Evidence level

Higgins,

psycho-

States

addition to

Jones,

metric

Madigan, &

testing

unit/Definition

Appraisal &
Limitations

VI

events

determining

Item level Content Validity

One inpatient

predictive validity

Index ratings ranged from

Small sample

Van Der

hematology/onco

related to falls

0.47 to 1.00.

size.

Meulen

logy/bone

and rapid

(2012)

marrow

response calls

Only one unit
Predictive validity for the

within one

mean acuity scores

hospital was

for rapid response team

used to test the

A sample of 49

patients were significant

tool, and

nurses and 117

(7.00 vs. 5.38, p < .001).

interrater

patients

Predictive validity for falls

reliability

was not statistically

methods (case

significant (p = .30 and p =

study), caused

.52)

confusion

transplant unit

30 days

25

Authors

Study

Sample/ Study

Design

Timeframe(s)

Study Aim(s)

Measurement

Results

unit/Definition

Appraisal &
Limitations
between raters

Concurrent validity for use

about acuity

of the acuity on the Visual

definition and

Analogue scale (VAS) was

scale items of

r = 0.58 and .0.51(p = .01).

tool

Bone marrow transplant
patients had higher scores
(p= .001)
There were no differences
between diagnosis groups
for lowest acuity scores (p
= .07)
Carr-Hill, &

Descriptive

Three wards

To compare

Systems used:

Hours worked showed

SQAC: 0.2

Jenkins-

correlation

(one surgical and

different

•

Criteria for Care (C

high inter-correlation

Evidence level

Clarke (1995)

al analysis

two medical

workload

for C)

between the systems (.73 -

VI

wards) within

measurement

Financial Information

.97)

one hospital

systems

•

project (FIP)

26

Authors

Study

Sample/ Study

Design

Timeframe(s)

Study Aim(s)

Measurement

Results

unit/Definition
•

6 days

•

•

•

•

Limitations

Care planning

Nursing indicators did not

Statistical

approach

correlate between the

analysis

(EXCELCARE)

systems for case mix,

provided few

South East Nursing

patient dependency and

details about

System (SENS)

shift hours to estimate

results and did

over- or under-staffing

not indicate

Variables used
•

significance

Shift patterns (actual
hours worked)

Patient dependency

levels. Few

Skills mix

correlated with actual

controls were

(trained/untrained

hours worked (.29), but

applied.

staff)

this was negative for the

Case Mix (mix of

SENS tool related to

Only three units

diagnostic groups)

overstaffing (- .27). This

were used. It is

Nursing quality

was positive for the other

unclear how staff

outcomes (measured

tools (.24 - .26)

was trained to
use these tools.

in hours worked)
Estimates of quality of care
(determined by hours
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Appraisal &

Authors

Study

Sample/ Study

Design

Timeframe(s)

Study Aim(s)

Measurement

Results

unit/Definition

Appraisal &
Limitations

worked) were negative and

Demographic

ranged from -.003 to -.45.

information

When controlled for

about patients

untrained hours, quality of

and staff is

care ranged from -.12 to

missing.

.59.
Measures poorly
defined

Casper, &

Quality

14 hospitals

Pickard

improveme

within one

(2013)

nt

hospital system

12 months
Choi, &

Descriptive

2397 nursing

To examine

•

RN skills mix

Two versions of nursing

SQAC 0.95

Staggs (2014)

correlation

units in 409

correlations of

•

Nursing hours per

hours per patient days

Evidence level

al analysis

acute care

patient days

(HPPD) were associated

VI

28

Authors

Study

Sample/ Study

Design

Timeframe(s)

Study Aim(s)

Results

unit/Definition

hospitals in the

nurse staffing

U.S.

measures and
unit-acquired

12 months

Measurement

•

•

pressure ulcers
(UAPUs)

•

Appraisal &
Limitations

RN-reported number

with nurse-reported

of patients assigned

assigned number of

Unit type to

RN perception of

patients (r range = 0.87 to

control variables

staffing adequacy

0.75)

not adequate.

UAPU odds estimates

Survey might not

associated with a 1-unit

have captured all

increase on the staffing

nurse perception

adequacy scale ranged

aspects.

Unit-acquired
pressure ulcers

from 20.7% to 21.0%.

de

Mixed-

Quantitative:

To identify a

Magalhães,

method

11,071 patients,

Dall’Agnol,

study

& Marck
(2013)

•

Workload indicator

Quantitative:

SQAC

potential

ratio of patients per

Decrease in patient

quantitative:

11 inpatient

relationship

provider

satisfaction associated with

0.50

(sequential

units, 449

between nursing

•

Bed-related falls

higher nurse/aid to patient

SQAC

explanator

nursing

workload and

•

CAUTI

ratio (B, -10.799; p =

qualitative: 0.55

y)

providers

patient safety

•

Pressure ulcers

0.024); nurse to patient

Evidence level

•

Patient satisfaction

ratio associated with

VI

29

Authors

Study

Sample/ Study

Study Aim(s)

Measurement

Design

Timeframe(s)

unit/Definition

Qualitative:

•

Absenteeism

Results

Appraisal &
Limitations

increase in bed-related

3 nurses and 11

patient falls (B 0.189, p <

One hospital

nurses aids

0.001); higher nurse to

study

patient ratio is associated

Lack of

with more central line

standardized

associated blood stream

indicators.

infections (b 0.157, p =

Few nurse

0.024)

participants in

12 months

focus groups.
Qualitative themes:
1.

Caring for patients and
relatives

2.

Lack of coordination
with support services

3.

Workload and patient
safety

Duffield,

Descriptive

43 units of 13

To identify if

Diers,

, cross-

public hospitals

nursing workload

•

30

Nursing Work Index-

Skills mix increased.

R (NWI-R)

Nursing hours per patient

SQAC: 0.86

Authors

Study

Sample/ Study

Design

Timeframe(s)

O'Brien-

sectional

in Australia's

and skills mix

•

Nurse Survey data

day (NHPPD) varied with

Evidence level

Pallas,

longitudina

New South

increased.

•

Environmental

a mean of 5.12 hours

VI

Aisbett,

l design

Wales region

Complexity Scale

(range = 2.7–10.9).

(ECS)

Nursing workload varied

Limitations

PRN-80 workload

with a mean of 6.20 hours

related to

measure

(SD = 1.55)

different metrics

Roche, King,
& Aisbett,
(2011)

Study Aim(s)

Measurement
unit/Definition

To identify if
5 years

Results

there is a

•

relationship

Appraisal &
Limitations

between patient

•

Daily ward staffing

outcomes, nursing

•

Patient movement

NWI-R practice and

workload, skills

•

Adverse event

resource

mix and work

reports, unit/hospital

adequacy were correlated

Potentially

environment

report

with demand/supply

under-reporting

(−0.311

of adverse

and −0.313, each p ≤ .01).

events.

Increased RN/CNS staff

Data collection

were associated with

limited to 43

decreased rates of decubiti,

units due to

pneumonia, and

inability to

31

from various
data bases.

Authors

Study

Sample/ Study

Design

Timeframe(s)

Study Aim(s)

Measurement

Results

unit/Definition

Appraisal &
Limitations

sepsis (p ≤ .01)

match data for
longitudinal and

An increase in RN/CNS

cross-sectional

hours was associated with

parts of the

significant (p ≤ .01)

study.

decreases in decubiti, GI
bleeding,

No control

physiological/metabolic

variables used.

derangement, pulmonary
failure, sepsis, and shock.

Work environment
variables were associated
with lower rates of central
nervous system
derangement, UTI, and
failure to rescue.

32

Authors

Garcia (2017)

Study

Sample/ Study

Study Aim(s)

Measurement

Results

Design

Timeframe(s)

Retrospecti

28,739 nursing

Describe the

•

Age

Gender, age, type of unit,

Convenience

ve

assessments of

variability of

•

Gender

and length of stay (LOS)

sample from one

correlation

405 subjects

acuity in patients

•

Heart failure DRG,

had a significant impact on

diagnosis and

al analysis

with heart failure

with heart failure

Discharge status

acuity, p < .01, with an

one hospital

(HF)

(HF) in acute

•

Readmissions

effect of less than 1%.

in a 455-bed

care.

•

LOS by hours

SQAC: 0.86

•

Acuity scores

Evidence level

unit/Definition

Southern U.S.

Appraisal &
Limitations

hospital system

VI

17 months
Holden,

Cross-

Six units of two

Measure three

Scanlon,

sectional

U.S. academic

Patel,

survey

•

Subjective self-

Unit level staffing related

types of nursing

reported workload

to:

tertiary care

workload, and

measures

Job dissatisfaction (path

Evidence Level

pediatric

identify which

loading=0.31, p < .05)

VI

hospitals

workload

Brown,. . .

Total 384 beds

measures were

Karsh (2011)

Sample 347

related to job

nurses

dissatisfaction,

Kaushal,
Escoto,

*

•

33

Not possible to

Burnout (path

identify causality

loading=0.45, p < .05)

SQAC 0.95

Authors

Study

Sample/ Study

Design

Timeframe(s)

Study Aim(s)

Measurement

Results

unit/Definition

Appraisal &
Limitations

burnout and

Task-level measure of

likelihood of

mental workload (path

medication errors

loading=0.25, p < .05)
Medication error
likelihood (path
loading=1.04, p < .05)
•

Junttila,

Cross-

Two tertiary

Assess if the

Monthly average

Mortality incidence rate

SQAC: 0.81

Koivu,

sectional

hospitals in

RAFAELA PCS

daily nursing

with optimal nursing

Evidence level

Fagerstrom,

retrospecti

Finland

can predict

workload per nurse

workload (IRR 4.79, 95%

VI

Haatainen, &

ve

mortality related

per unit

CI 1.57–14.67, p = 0.006)

Nykanen

observation

34 acute care

to nursing

•

Acuity measures

(2016).

al

inpatient units

workload

•

Daily patient to nurse

Mortality incidence rate

hospitals

ratio

during understaffing (IRR

participated

Mortality rates

12.97, 95% CI 2.86–58.88,

Study
2 years

•

Only two

p = 0.001).

Limited control
for extraneous
variables

34

Authors

Study

Sample/ Study

Study Aim(s)

Design

Timeframe(s)

Kim & Bae

Retrospecti

All 46 tertiary

Identify if there is

(2018)

ve

hospitals in

a relationship

observation

Korea

between nurse

Measurement

Results

unit/Definition

•

Appraisal &
Limitations

Medical Claims

Nine NSOs showed

SQAC: 1.0

Database

significant difference

Evidence level

Three Staffing

based on nurse staffing

VI

staffing level

Grades (based on

level (p < 0.001)

3,665,307

and nursing

ratios <2:1, 2.5:1,

Length of stay for patients

Patient status

patients

sensitive

<3:1)

with NSOs was 32.0 days,

was based on

•

FTEs

compared to 13.7 days for

insurance claims

•

ICD-10 codes

patients without NSOs (p <

data and might

Nursing-sensitive

0.001)

not accurately

Outcomes: (urinary tract

Nurse staffing level was

reflect actual

infection, upper

significant related to

patients’

gastrointestinal tract

three NSOs (p < 0.001)

conditions.

bleeding, deep vein

Increased nurse to patient

No clear

thrombosis, hospital-

ratio increased incidence

description of

acquired pneumonia,

of urinary tract infection

how staffing

pressure ulcer, sepsis,

2.17 - 2.41 times (p <

ratios were

shock/cardiac arrest, CNS

.0001)

determined.

al study

outcomes (NSOs)
2013-2014

•

35

Authors

Study

Sample/ Study

Design

Timeframe(s)

Study Aim(s)

Measurement

Results

unit/Definition

Appraisal &
Limitations

complication, in-hospital

Upper gastrointestinal

mortality)

track bleeding increased
1.60 - 1.80 times (p <
.0001)
Shock/cardiac arrest by
1.77 - 2.44 times (p <
.0001)
Wound infection by 1.88 2.23 times (p < .0001)

Mien Li Goh,

Descriptive

One tertiary

Identify the

•

Patient satisfaction

Weak positive (r = .212 to

Limited to one

Vehviläinen-

correlation

hospital in

correlation

•

Total number of beds

r = .120) and negative (r =

hospital

Julkunen,

al study

Singapore

between patients’

per unit

−.120 to r = −.196) (p =

Hong-Gu He,

satisfaction with

•

Patient acuity hours

.004 to .050) correlations

SQAC: 0.86

•

Patient required

between patient

Evidence level

clinical hours

satisfaction and nursing

VI

Nurses’ available

workload

Ang, &

22 adult general

nursing and

Yiong-Huak

inpatient units

nursing workload

Chan (2018)

•
Sample with 270
patients

clinical hours
•

36

HPP per shift

Authors

Study

Sample/ Study

Design

Timeframe(s)

Study Aim(s)

8 months

Measurement

Results

Appraisal &

unit/Definition

Limitations

•

RNHPP

No control of

•

Enrolled nurses (EN)

extraneous

HPP

variables

Pitkäaho,

Retrospecti

20 inpatient units

Determine

•

Patient Acuity

RN proportion of skills

SQAC: 0.90

Partanen,

ve

at a university

relationships

•

Case Mix

mix (65–80%) predicted a

Evidence level

Miettinen,

longitudina

hospital in

between nurse

•

DRG volumes

66% likelihood of short

VI

Vehviläinen-

l design

Finland

staffing and

•

Secretary FTEs

LOS

Julkunen

using

patients’ length of

•

Housekeeping

(2015)

Bayesian

35,306

stay

•

FTEs

Patients’ acuity most

categorization

dependenc

patient episodes

•

RN FTEs

important variable related

method for

•

Hours per patient

to nurse staffing and LOS

nursing

y
modelling.

381 nurses

12 months

Less objective

Day (NHPPD)
•

Part-time hours

•

Temporary FTEs

•

LOS

Small nurse
sample size did
not allow for
randomization

37

Authors

Study

Sample/ Study

Design

Timeframe(s)

Study Aim(s)

Measurement

Results

unit/Definition

Appraisal &
Limitations

One hospital
limits
generalizability
of the findings
Potter, Barr,

Prospective

One 879-bed

Determine the

McSweeney,

descriptive

tertiary care

Slegde

correl-

(2003)

•

Eight Visual

Self-care scores related to

SQAC: 0.95

baseline values of

Analogue Scale

acuity (r = .273, p = .64)

Evidence level

university

patient outcomes

(VAS) for patient

Negative correlation

VI

ational

hospital in the

and identify the

self-reports

between RN hours and

design.

U.S.

relationship

•

Patient satisfaction

patient pain (r = -.31, p <

Only dayshift

between nurse

•

Undisclosed vendor-

.05)

data used for

based PCS

Positive correlation

staffing and

•

Acuity scores

between RN hours and

patient acuity

•

Average hours per

patient satisfaction (p <

patient days

.05)

•

Percentage of RNs

High correlation between

•

Percentage of patient

acuity and total nursing

32 acute care

staffing and

inpatient units

patient outcomes

3418 patient
interviews

12 months

care tech

38

hours (r = .60, p < .05)

Authors

Study

Sample/ Study

Design

Timeframe(s)

Study Aim(s)

Measurement

Results

unit/Definition
•

Appraisal &
Limitations

Percentage of

Modest correlation

floating

between acuity and
percentage of RN hours (r
= .27, p < .05)

Schreuders,

Retro-

256,984

Describe patient

•

Total nursing hours

14% of hospitalization in

SQAC: 0.90

Bremner,

spective

inpatient

and nurse staffing

•

NHPPD

ICU; 65% had one

Evidence level

Geelhoed, &

descriptive

hospitalizations;

characteristics

•

Skills mix

hospitalization; 20% had

VI

Finn (2015)

design and

58 inpatient

and examine the

•

Nursing exposure per

complications.

correlation

units; three

effect of staffing

al analysis.

hospitals in

on patient

Australia

outcomes

5 years

Payroll for

patient
Unit movements per

NHpPD range 3.3-18.8 for

staffing

patient

low-intensity, and 10.3 -

estimates,

•

Staffing levels

48.2 in high -intensity

potentially not

•

Patient mortality and

units.

accurate. Large

•

data set and

morbidity, socioeconomic status.

Better staffing associated

preparation

Admission type,

with increased odds of

methods might

hospital transfer,

pressure ulcers,

have impacted

pneumonia, shock, 30-day

results.

hospital
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Authors

Study

Sample/ Study

Design
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Limitations

This review has several limitations. Despite a thorough search strategy, important articles
might have been excluded, potentially limiting the results. The emphasis was on measuring
workload through workload measurement systems such as PCS or acuity systems, and effects on
nursing-sensitive patient outcomes. Most studies were descriptive, had nonrandomized samples,
were non-interventional studies, and used different methodologies to measure workload.
Generalization to other populations are therefore limited.

Workload Measurement Systems

How to capture the elements associated with the work nurses do remains a challenge as
evidenced by inconsistent methods of defining and capturing nursing workload. Attempts to
standardize nursing activities and nursing outcomes using the Nursing Outcome Classification
(NOC) or Nursing Intervention Classification (NIC) taxonomies have been reported for decades
(NANDA International, 2018). But, before electronic documentation, application of these
taxonomies was challenging. Electronic health records can integrate complex taxonomies such as
NANDA, NIC and NOC as a standard framework to capture nursing workload (de Cordova et
al., 2010), but only one PCS, the NOC taxonomy, uses a nursing framework as the basis for

43

electronically capturing nursing workload (Eck Birmingham, Nell, & Abe, 2011). The reported
nursing-sensitive indicators used as patient outcome measures extend beyond the NDNQI and
CALNOC indicators. This adds potentially more bias to the findings, as not all reported
outcomes are influenced only by nursing, and the collection of outcomes data may vary.
Nursing time is valuable, and paper and pencil or manual data entry into PCS is time
consuming (Choi, Choi, Bae, & Lee, 2011). The EHR and new electronic PCS technology
solutions can capture nursing activities and workload, which presents new possibilities to
determine workload in near real-time. Vendor-developed PCS are available and use EHR
documentation and other staffing data easily retrievable; they do not require labor intensive data
entry by nursing staff (Garcia, 2017). Although these technologies have been available for many
years, only three reviewed articles explored the use of these systems (Casper & Pickard, 2013;
Garcia, 2017, Mien at l., 2018). Other vendor-based systems are available such as QuadraMed
Acuity Plus, API Healthcare Patient Classification System, or Epic work intensity system, but
publications related to the effectiveness of these systems are limited. Although some of the
reviewed studies offer a conceptual overview of the system and some level of validity and
reliability assessment, methodologies and analytics are often proprietary, making it difficult to
determine how acuity scores are generated.
Consistent with Fasoli and Haddock (2010), validity and reliability testing of PCSs or
acuity systems is limited or not always reported. Due to variability of the data used for workload
measurement systems, reliability/validity concerns, and differences among systems,
generalizability of the findings are limited. This may explain the variations in findings related to
patient outcomes and nursing workload. In addition, not all patient outcomes were collected and
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reported using the same criteria. NDNQI (Press Ganey, 2019) and CALNOC (2017) defined data
collection and reporting of outcomes to ensure consistency, allowing for comparison of
outcomes. Since not all reviewed studies described data collection methods conclusions about
the effect of these systems on patient outcomes are difficult to draw.
Standardization of acuity systems might not be feasible; however, setting system
standards and criteria are. DeGroot (1989) described the criteria a PCS should adhere to. These
include validity, reliability, simplicity, efficiency, utility, objectivity and acceptability. Nurses
should be involved in the development of these systems to ensure objectivity and acceptability
(DeGroot, 1989). If the acuity measures do not appear to reflect patients’ acuity as perceived by
nurses, acceptability will become challenging, not only for nursing personnel but for other
entities such as finance departments (DeGroot, 1998). Acuity systems integrated into EHR might
not be trusted as they currently complex algorithms running in the background and lack of
methodological clarity. This limits the simplicity and visibility of the indicators that allow nurses
to better understand the method of calculating acuity (DeGroot, 1989).
For the development of measurement instruments in scale development, item reduction
analysis is an important aspect to ensure that the scale is parsimonious and only includes the
pertinent items to ensure internal consistency (Boateng, Neilands, Frongillo, Melgar-Quiñonez,
& Young, 2018). Even in the age of predictive analytics, DeGroot’s criteria should still apply to
any system to assist with developing a standard for PCSs and acuity systems. These criteria are
also supported by the American Nurses Association (n.d.) as design principles for patient
classification and acuity systems.
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Practice Implications

Electronic PCS or acuity systems integrated into EHR with near real-time data are the
future of workload measurements despite the discussed limitations. Acuity systems are needed as
nurse-to-patient ratios alone do not fully explain the relationship between staffing and patient
outcomes and are not sufficient to measure the fluctuations of patient acuity over time (Garcia,
2017; Shekelle, 2013). This is supported by studies exploring fixed nurse-to-patient ratios,
showing they have not rendered significant results of quality of care or other positive outcomes
as once predicted (Bolton et al., 2007; Sochalski, Konetzka, Zhu, & Volpp, 2008; Spetz et al.,
2009). In addition, the cost of mandated staffing ratios can significantly increase the cost of
health care overall. The state of Massachusetts estimated an increase between $676 million to
$949 million following the implementation of mandated staffing ratios (Massachusetts Health
Policy Commission, 2018). Nurse leaders will be required to develop flexible staffing solutions
to support effective acuity-based staffing while remaining budget-neutral. Systems should be
developed that may predict potential medical errors related to staffing. This will provide nursing
leadership with a proactive decision support system to manage staffing and ensure patient safety.

Conclusion

Workload measurement systems have evolved into sophisticated predictive analytical
tools to support staffing decisions. These systems vary significantly in methods and use, and they
lack standardization to capture the complexity of patient acuity and nursing workload. Vendor-
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based systems integrated into EHRs are available and capable of including a variety of variables
to measure nursing workload. Further research is needed to 1) strengthen validity and reliability
of these tools, 2) further explore PCS’s contributions to nursing-sensitive patient outcomes, and
3) standardize measures of nursing activities that constitute workload.
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CHAPTER THREE: THE EFFECT OF ACUITY-BASED NURSE
STAFFING ON NURSING MEDICATION ERRORS
Abstract

Objective: To explore the relationship between nurse workload measurements: productivity,
acuity level and nursing degree levels and nurse medication errors.
Background: Patient classification systems (PCS) are used to measure illness severity of the
patient and determine nurse staffing care hours to balance nursing workload. Many studies found
a relationship between nursing workload and patient outcomes, but few have used a PCS to
predict medication errors.
Methods: Descriptive analyses and Generalized Estimating Equations were conducted to
evaluate the relationship between productivity levels and nurse sensitive medication errors.
Covariates were nursing degrees and acuity levels.
Results: Productivity did not significantly predict medication errors. A higher proportion of BSN
and higher degrees was associated with less medication errors.
Conclusions: PCSs should be further explored for the effect of productivity on nursing sensitive
indicators. In addition, strategies to support error reporting should be implemented as this is
essential to the usability of these system and patient outcomes.
Keywords: patient classification systems, patient acuity, nursing workload
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Introduction

Nurses spend the majority of time on direct care and one-third on indirect care in hospital
settings (Alghamdi, 2016). However, nursing workload is challenging to measure in a
systemized, accurate, and timely way. Patient Classification Systems (PCS) determine staffing
levels by measuring nursing activities based on the severity of patient illness and the intensity of
patient care requirements (Brennan & Daly, 2009). These systems generate a patient acuity or
workload score which determines the number of care hours per patient or assignment needed and
offer information on how to best balance nursing workload (Sir, Dundar, Barker Steege, &
Pasupathy, 2015). The effect of nurse staffing and workload on patient outcomes are reported in
many studies that do not use a PCS. Higher nursing care hours, or nurse to patient ratios for
surgical patients are associated with lower number of failures to rescue, urinary tract infections,
and medication errors (Aiken, et al., 2002; Holden et al., 2011; Needleman, Buerhaus, Mattke,
Stewart, Zelevinsky, 2002).
Medication administration is the primary high-risk task performed by a nurse (Anderson
& Webster, 2001), and is associated with preventable morbidity and mortality (Cousins, et al.,
2011). The Academy of Medical-Surgical Nurses (AMSN) defines medication errors as “any
preventable event that may cause or lead to inappropriate medication use or patient harm while
the medication is in the control of the healthcare professional, patient, or consumer” (AMSN,
2019 Medication error section, para. 2). High cognitive workload and the perception of high
workload are associated with medication errors (Dollarhide, et al., 2014). Inadequate staffing and
high workload increase the risk of medication administration omissions and timing errors, and
are associated with increased non-observance errors, which are failures to adhere to practice
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standards (Härkanen et al., 2019; Jin et al., 2018). Other factors that contribute to nursing errors
are the proportion of nurses with baccalaureate degrees (BSN) and higher levels of education.
Studies found a positive impact of higher nursing degree levels on patient outcomes including
mortality and morbidity (Aiken et al., 2014; Blegen, et al., 2013; Harrison et al., 2019). A higher
percentage BSN degrees per hospital improves patient outcomes such as lower congestive heart
failure mortality, pressure injuries, failure to rescue, post-operative pulmonary embolism,
reduced length of stay and better outcomes post cardiac arrest (Blegen, et al. 2013; Harrison et
al., 2019). A similar study conducted in 300 hospitals in Europe found a 10% increase of BSN
degree nurses decreases the likelihood of hospital patient mortality by 7% (Aiken et al., 2014).
The effect of higher proportion of BSN degrees on nursing medication errors has not been fully
explored.
Research findings regarding the effect of nursing workload on nursing outcomes are not
consistent. Some studies find that workload has no effect on patient falls or has no causal
relationship to mortality (Brennan et al., 2012; Shekelle, 2013). Nonsignificant findings may be
contributed to the paucity of valid and reliable PCS or acuity systems used to study these
relationships (Brennan, et al., 2019; Fasoli & Haddock, 2010). An exception is the RAFAELA
system as one the few systems tested repeatedly and deemed valid and reliable (Andersen et al.,
2014; Fagerström et al., 2000; Junttila, 2016). Higher acuity scores as measured by the
RAFAELA system and lower staffing levels show a positive correlation with patient mortality
(Junttila et al., 2016).
The emergence of electronic health record (EHR) integrated PCS has renewed
organizational interest in measuring patient acuity near real-time through automated systems.
These systems vary significantly in measurement methods and use and lack a clear standard to
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capture the complexity of patient acuity and nursing workload (Malloch, 2015). Several vendorbased systems offer decision-support systems based on patient acuity thus replacing timeconsuming manual scoring of care related items to measure the acuity status of the patient (Choi,
Choi, et al., 2011). Predictive analytics are available in EHRs, such as Epic (Epic Systems
Corporation, 2019), and Cerner Clairvia (Cerner, 2019). However, near real-time information
about the predictability of medical errors related to nurse staffing is not available through current
PCS. Predictive analytics integrated into PCS may provide leverage for nurse leaders to advocate
for adequate staffing resources to ensure patient safety. The contribution of these systems to
provide data to improve nursing sensitive patient outcomes needs further exploration.
The purpose of the study was to identify predictors of nursing medication errors. The
researcher hypothesized that higher productivity (understaffing) on inpatient units was associated
with increased occurrences of nursing sensitive medication errors.

Theoretical Framework

The theoretical framework for the study is the Patient Care Delivery Model (PCDM)
(Figure 1) which is framed around input, throughput, and output of systems (O'Brien-Pallas, et
al., 2011). The model is derived from General Systems Theory (GST) (Bertalanffy, 1950), where
systems and subsystems interact and influence each other. It renders the PDCM an open system
model (Meyer, et al., 2009). System input includes patient characteristics, nurse characteristics,
system characteristics and system behaviors. These inputs are transformed and processed in
throughput and used to optimize patient care delivery. Environmental complexity and staffing
utilization in throughput influence the delivery of care and staffing decisions and system
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outcomes and inputs through feedback loops (O'Brien-Pallas, et al., 2011). In this study, system
throughput includes the predictor variable productivity and average acuity levels calculated by
the PCS. Nursing degrees are system inputs. In addition, the system output (dependent variable)
are nursing sensitive medication errors.
The purpose of the study was to identify predictors of nursing medication errors. The
researcher hypothesized that higher productivity (understaffing) on inpatient units was associated
with increased occurrences of nursing sensitive medication errors.

Methods

Design and Setting

The study was conducted in four hospitals of one hospital system in the southeastern
United States. One hospital is a large urban tertiary trauma center and teaching hospital, and
three hospitals are acute care community hospitals. The combined bed-size is 1391, and
individual bed-sizes are 808 for the trauma center, and 237, 140, and 206 for the community
hospitals, respectively. Thirty adult medical/surgical and step-down inpatient units were selected
for inclusion in the study. Intensive care units, behavioral health, pediatric, and ambulatory units
were excluded. The hospital organization in this study determined staffing needs based on
fulltime equivalent (FTE) historical data from organizational finance consultants. The University
of Central Florida and Orlando Health Institutional Review Boards approved the study.
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Data Sources

Vendor-Based Acuity System and Electronic health record (EHR)
Patient acuity levels and predicted target hours to determine staffing needs for the next shift were
retrieved from a PCS integrated into the organization’s EHR. The system predicts staffing hours
based on nursing documentation, historic acuity trends, admission, discharges, and transfer
trends (ADTs) and patient volumes. These measurements generate the targeted (predicted)
staffing hours for the next shift.
Staffing Management System
The actual productive care hours worked by registered nurses (RNs), licensed practical
nurses (LPN), and nursing assistants (NA) were retrieved from the organizations staffing
management system.
Monthly Pharmacy Reports
Medication error data were retrieved from monthly pharmacy reports, which include
event reports and reports from barcode scanning data. An organizational pharmacy expert
reviewed each event and categorized these as prescribing, dispensing or administration errors.
Organizational Specialists
Nursing degree are tracked in Human Resources databases, which could not be used
because one hospital was not fully integrated into the Human Resource system. Therefore,
nursing degrees were obtained from organizational specialists responsible for tracking degree
progression at each hospital.
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Patient Classification System

A PCS acquired by the organization in this study was the tool used to measure nursing
workload. Conceptually the system is based on the Outcome-Present-State (OPT) Model of
Reflective Clinical Learning (Pesut & Herman, 1999). The model explains how nurses use
clinical reasoning to provide care that transitions their patient from current to future state
(outcome) (Pesut & Herman, 1999). The Nursing Outcomes Classification (NOC) taxonomy is
integrated into the PCS to generate patient acuity scores based on seven domains and 16 NOCs
electronically linked to nursing assessment documentation (Eck Birmingham, et al., 2011;
Moorhead et al., 2008). The system includes a tool to create patient assignments where the acuity
scores are used to balance nurse workload by adjusting patient ratios. An indicator displays the
percentage of workload for each nurse, which can be adjusted by adding or subtracting patients
(Eck Birmingham, et al., 2011).
Trained nurse auditors conduct interrater reliability assessments monthly to quarterly to
ensure that the acuity levels still corresponded with the clinical documentation (Eck
Birmingham, et al., 2011). The vendor’s recommended goal is to achieve a monthly average
interrater reliability score of 85%. All units included in the study had 85% interrater reliability
scores or higher. Construct validity for the acuity system was established using the theoretical
underpinning of the NOC taxonomy and OPT model and clinical experts’ opinions (Eck
Birmingham, et al., 2011).
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Study Variables

Outcome Variable: Nursing Medication Errors
The outcome variable, nursing medication errors, was collected as monthly count data per
unit. The study organization’s medication error reports did not specify if the errors were nursing
related but provided a description of incidences with follow-up investigative comments. In
addition, the organization considers near misses as medication errors even if they don’t reach the
patient, as they can provide insight in improving patient safety by providing information about
failure pathways before they happen (Kessels-Habraken et al., 2020). Near misses are defined as
“An event or circumstance that has the potential to cause an incident or critical incident but that
did not actually occur due to corrective action and/or timely intervention” (Barnard et al., 2006,
p. 22).
The Academy of Medical Surgical Nurses (AMSN) ten medication rights were used
apriori to determine if the error was nursing related. The ten rights include medication, dose,
time, route, client, patient education, documentation, refusal of medication, assessment, and
evaluation (AMSN, 2019).
Predictor Variable Productivity (nurse staffing)
Actual care hours for RNs, LPNs, and NAs were retrieved from the organization’s
staffing management system. Targeted hour (predicted care hours) were retrieved from the PCS.
Productivity was calculated as a proportion of targeted care hours compared to actual productive
care hours. This ratio constitutes the utilization of targeted vs. productive hours (Targeted
Hours/Actual Productive Hours [UtilT/P]). Productivity level was operationalized into five
categories. Category 1 is “high cost (overstaffed)” (< 85%); category 2 is “review (overstaffed)”
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indicating the number of staff is moderately above the demand for care (85% - 95%); Category 3
is “acceptable” showing the best alignment between target hours and care demand (95% 105%); Category 4 is “caution” or moderate understaffing indicating the target hours are higher
than the number of staff (105% - 120%), and category 5 is “review (understaffed)” representing
the care demand greatly exceeds the number of staff (>120%). Accordingly, average monthly
productive hours were categorized per above described vendor criteria for analyses.
Covariate Acuity Level
The acuity levels of the PCS are used to determine the nurse’s workload based on the
illness severity of the patient and related outcomes and are calculated based on documented
nursing assessment data electronically linked to seven domains of the NOC taxonomy
(Functional Health, Physiological Health, Psychological Health, Health Knowledge and
Behavior, Perceived Health, Family Health, and Community Health). the PCS is based on (Eck
Birmingham, et al., 2011; Moorhead, Johnson, Maas, & Swanson, 2013). Acuity is assessed with
a Likert-scale of 1 (not compromised), 2 (mildly compromised), 3 (moderately compromised), 4
(substantially compromised), and 5 (severely compromised) to create an acuity score. The PCS
automatically generates a near real-time acuity score for each patient on a 1-5 scale allowing
equitable comparison of acuity between units. The acuity scores were aggregated at the unit level
and means (SD) were calculated.
Covariate Nursing Degrees
The nursing degrees variables was computed as a proportion of diploma and associate
degrees to BSN and higher degrees. A monthly data point was unobtainable because degree
levels were obtained as end-of-year data as organization obtains nursing degree data at the endof-year data to target degrees. In this study, therefore, nursing degrees was used as a fixed
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variable obtained once during the study period in December. For analysis, the nursing degree
variable was converted into categories based on 10% proportion of BSN degrees or higher
increments starting at 40% (lowest reported percentage). For example, in Degree category 1, the
organization had 40-50% of nurses with a BSN or higher. Accordingly, nursing degrees was a
four-category variable, defined as: Degree category 1: 40 – 50%; degree category 2: 51 – 60%;
degree category 3 was 61-70%, and degree category 4 was > 80%. A summary of the categories
per variable is provide in Table 3.
Table 3. Description of Predictor and Covariates
Variables

Values

Description

Frequencies

Category One +

< .85

High Cost

Category Two +

.85 - .95

Review (overstaffed)

5.1%

Category Three

.96 - 1.0

Acceptable

7.3%

Category Four

1.01 - 1.20

Caution

29.2%

Category Five

> 1.20

Review

58.4%

Productivity Levels

(understaffed)
Acuity Levels
Level One

1.0 - 1.80

Not Compromised

0%

Level Two

1.81- 2.70

Mildly Compromised

80.9%

Level Three

2.71 - 3.00

Moderately

12.4%

Compromised
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Variables
Level Four

Values

Description

Frequencies

3.01 - 4.00

Substantially

6.7%

compromised
Level Five

4.01 - 5.00

Severely

0%

Compromised
Nursing Degrees
Category
Category One

40 -50 %

Proportion of BSN and

16.6%

Category Two

51 - 60%

higher compared to

19.9%

Category Three

61 -70%

ASN and diploma

43.5%

Category Four

71 - 80%

13.2%

Category Five

> 80%

6.7%

Reference variable in bold
+ Categories combined

Data Management

All data were entered into an Excel spreadsheet. Hospital and units were coded with a
unique identifier for confidentiality, ease of organizing, uploading, and processing. All data was
stored in a locked office on a password protected computer or password protected encrypted
storage device to ensure confidentially and data security.
During data analyses, productivity categories 1 (High cost [overstaffed]) and 2 (Review
[overstaffed]) were combined to ensure at least 5% of observations for productivity category 1
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(Howell, 2012). Interrater reliability was established with two raters independently reviewing
10% (61 errors) of all reported medication errors (610) using systematic sampling by selecting
every 11th error (Armitage, et al., 2009; Floyd, 1993). There was a strong agreement between the
two raters, Kappa of .884 (p < .000) (Cohen, 1960). After review, using the AMSN ten
medication rights, out of the 610 medication errors, 383 errors were deemed nursing errors and
227 were non-nursing errors and therefore excluded from the data set. Ten events needed
additional consensus review to determine inclusion or exclusion. A peer discussion with both
raters for the ten ambiguous events was conducted and all ten were excluded for not meeting the
AMSN medication rights criteria. The final number of nursing medication errors for inclusion
was 373 (61% of all reported medication errors).

Statistical Analysis

To contextualize the organizational setting of the research, descriptive statistics for
medication errors, acuity levels, nursing degrees, and productivity at the hospital level and all
hospitals combined were reported.
Generalized Estimating Equations (GEE) with univariate negative binomial regression
analysis with a log link function was conducted with hospital units as the subject variable and
month as the within subject variable, to investigate the association between nursing medication
errors and productivity. An exchangeable correlation matrix was used to correct for the
clustering effect, repeated measures, and unmeasured variations within units (Garson, 2013).
This allowed for monthly measures that were correlated across time and assumed to be equal for
all subjects (in the present study nursing units). For this study, monthly data for all variables,
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except nursing degrees, was collected for 12-months (June 2018 – May 2019). Because the same
PCS was used to balance staffing assignments, the correlation was assumed to be the same
between the units across time. The correlation matrix will control for unmeasured variations
within the units, making it a more flexible option (Garson, 2013). Nursing medication error
(outcomes variable) counts were not normally distributed, which does not affect negative
binomial regression GEE analysis (Garson, 2013). Outliers can affect GEE analyses, and
therefore, based on z-scores, data points with six or more medication errors were removed (n =
32), resulting in 341 medication errors included in the final analyses (Howell, 2012). A p < .05
was used to test statistical significance. Descriptive statistics were calculated using SPSS v26
statistical software for Macintosh (IBM Corp., 2017) and models were conducted in SAS 9.4
statistical software (SAS Institute Inc., 2019).
Four models were run with data aggregated from the hospital units included in this study:
productivity as the predictor and nursing medication errors as the outcome variable.
Additionally, other covariates (average acuity level, proportion of BSN degree or higher) were
entered into the Models because they all have an association with nursing workload and nursing
outcomes as described in the variables section. In Model 1, only productivity as the predictor
was entered into the model for analyses. Model 2, productivity as predictor and acuity as
covariate were entered. Model 3 included productivity as factor and nursing degrees as covariate.
Model 4 entered productivity as predictor and acuity and nursing degrees as covariates.
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Results

Table 4 presents a description of the predictor and covariates of the four hospitals that
were included in the study. None of the hospitals had an Acuity level 1 (not compromised).
Median acuity level of all hospitals combined was Mildly Compromised (level 2) with an overall
average acuity level range of 2.01 (level 2) to 3.5 (level 4). Hospital A had the highest average
range of acuity levels of 2.03 (level 2) to 3.50 (level 4), and hospital D had the lowest average
range from 2.08 (level 2) to 2.62 (level 2).
The only hospital at the Acceptable category for productivity (nurse staffing) level (.87 1.4) was hospital C with a mean level 1.0 (SD = .09). The productivity levels for all other
hospitals were on average at the Review (understaffed) category, ( > 1.20), with a mean level of
1.28 (SD = .38) for all hospitals combined. The mean of 63% (SD = .12) percentage of nursing
degrees with a BSN or higher for all hospitals and a range of the mean percentage of 35% - 87%
was found. The monthly nursing medication errors ranged from 0-5 errors (after removal of
outliers) and a mean of .99 error for all hospitals per month, per unit, with the exception of
hospital B, which had a mean of .82 errors.
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Table 4. Description of Predictor and Covariates
All
Hospital A

Hospital B

Hospital C

Hospital D

(n = 18)

(n = 7)

(n = 3)

(n = 3)

188

68

50

35

Hospitals
Units (n =
Variables
30)
# Medication Errors 341
Mean (SD)

.99 (1.11)

.94 (1.05)

0.82 (1.22)

1.39 (1.20)

.97 (1.02)

Median

1

1

0

1

1

Min-Max

0-5

0-5

0 -5

0-5

0-4

1.28 (.38)

1.41 (.45)

1.28 (.16)

1.00 (.09)

1.46 (.33)

5

5

5

3

5

.76 – 4.16

.82 - 4.16

.94 - 1.68

.87 - 1.4

.76 - 2.14

2.01 – 3.50

2.03 – 3.50

2.01 – 2.85

2.24 – 2.71

2.08 -2.62

2.49

2

2

2

2

Mean % (SD%)

62.6 (.117)

63.4 (.08)

69.0 (.10)

42.0 (.06)

64.7 (.15)

Min%-Max%

35 - 87

43 - 75

56 - 87

35 - 50

47 - 84

Productivity
Mean (SD)
Median
Category
Min-Max
Acuity Levels
Min-Max
(mean)
Median Level
Proportion of BSN
& higher
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Table 5 presents the results of the GEE Models. Productivity level was statistically nonsignificant in all models and therefore was not a predictor of medication errors. All four models
had a similar quasi-likelihood under the independence model criterion [QIC]), denoting good
model fits.
The nursing degrees covariate when added to model 3 was statistically significant (p < 0.05) for
all four categories and revealed that the odds of medication errors were lower for every category
with increasing proportion of nurses with a BSN or higher degrees (42%, 55%, 70%, and 78%
respectively). The acuity level covariate was not statistically significant when added to the
models and did not influence productivity levels (Models 2 and 4). Model 3 was selected as the
final model as the more parsimonious model is preferred (Cui & Qian, 2007).
The researcher hypothesized that higher productivity (understaffing) on inpatient units
was associated with increased occurrences of nursing sensitive medication errors. The hypothesis
was rejected because productivity was not found to be a statistically significant predictor of
medication errors
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Table 5. GEE Models used to Predict Nursing Medication Errors

Predictors (Reference
Variable)
Productivity
(Understaffed)
Acuity Level
(Substantially
Compromised)

Nursing Degrees
(BSN & higher)
(> 80%)

QIC

Categories

Model 1
Estimate [95% CI]

Model 2
Estimate [95% CI]

Model 3 †
Estimate [95% CI]

Model 4
Estimate [95% CI]

Overstaffed

0.34 [-0.22 - 0.89]

0.36 [-0.22 - 0.93]

0.29 [-0.21 - 0.80]

0.30 [-0.21 - 0.82]

Acceptable
Caution
Mildly
Compromised
Moderately
Compromised

-0.25 [-0.83 - 0.33]
0.03 [-0.22 - 0.28]
--

-0.25 [-0.83 - 0.34]
0.06 [-0.19 - 0.31]
0.03 [-0.33 - 0.39]

-0.29 [-0.87 - 0.30]
0.02 [-0.23 - 0.28]
--

-0.29 [-0.87 - 0.28]
0.05 [-21 - 0.30]
-0.19 [-0.86 - 0.47]

--

0.31 [-0.07 - 0.69]

--

0.16 [-0.47 - 0.80]

--

--

-0.42 [-0.80 - -0.04] a

-0.43 [-0.81 - -0.05] a

40 - 50%
51 - 60%

--

--

-0.55 [-0.93 - -0.18] a

-0.61 [-1.01 - -0.20] a

61 - 70%

--

--

-0.70 [-1.06 - -0.34] b

-0.77 [-1.16 - -0.38] b

71 - 80%

--

--

-0.78 [-1.28 - -0.28] a

-0.90 [-1.70 - -0.09] a

695

688

662

657

GEE models with an Exchangeable matrix with reference variables bold in parenthesis
a p < .05
b p < .001
† Final Model
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Limitations

Monthly reported medication errors were low with a median of 1error and mean of .99
error for all hospitals combined. It is possible that the lower medication error count effected the
analysis. Underreporting of medical errors (including medication errors) are estimated to range
from 50% to 96% (Mallory, et al., 2003).
Furthermore, balancing of nursing workload using the patient assignment function of the
PCS was an expectation for all units; the researcher did not investigate if this was a consistent
practice or if nursing documentation accurately reflected patient acuity. However, at the
institutions in the study, interrater reliability is conducted every three months to determine if
nursing documentation accurately reflects the acuity levels.
Despite meticulous review and validation of the data from the various data bases and
reporting systems, data entry errors at the point of care or systems errors may have occurred. The
study was conducted at one healthcare system in the southeastern United States and not all
hospital use this specific PCS thus limiting generalizability of the outcomes. In addition, the use
of a random slope model could have allowed for a different effect of the productivity variable on
the GEE models (Gibbons et al., 2010).

Discussion

Productivity was not statistically significant in this study. This may be because other
nursing or environmental factors influenced nursing medication errors and/or error reporting.
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Nurses spend most of their time on patient care (Alghamdi, 2016). The PCS records nursing
assessment data, but also unforeseen occurrences such as emergency situations, ADTs and
calculates these into the acuity levels (Eck Birmingham et al., 2011). These are direct-care
activities, but indirect patient care activities are not recorded such as required education during
shift time, unexpected problems with obtaining resources such as equipment or medications.
Furthermore, human factors such as task interruptions and emotional stress contribute to
the perception of increased workload (Havaei, & MacPhee, 2020) and are not recorded by the
PCS. Other reasons for non-significant productivity findings may be related to underreporting of
medication errors.
Based on prior findings, underreporting of medication errors or hospital safety incidents
is not uncommon. A systemic review reported the most common barriers for reporting of
medication errors and near misses such as an organizational or unit culture where nurses are
fearful of reporting errors, managerial behaviors, nursing specific characteristics poorly and
reporting systems (Vrbnjak et al., 2016). Event reporting systems are not always easily
accessible and labor intensive often require extensive reporting documentation on multiple pages
of information prior to submission and may contribute to underreporting (Juntilla et al., 2019
Soydemir et al., 2017; Ulanimo, et al., 2007). In a work environment where time constraints are
evident, clinicians are pressed to find time to report an error and prefer to refocus their attention
on patient care (Soydemir et al., 2017; Ulanimo, et al., 2007). Additional factors contributing to
underreporting of errors are knowledge deficits and a culture of safety (Lederman et al., 2013;
McFarland & Doucette, 2018). Serious errors are reported more often than less serious errors or
near-misses and may be attributed to clinician lack of knowledge about the importance of
reporting less serious error or near-misses (Kim et al., 2014). Clinicians may be afraid to report
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errors as they might be perceived as incompetent or fear repercussion and therefore omit
reporting (Hashemi, et al., 2012; Rutledge et al., 2018). Although all hospitals included in the
study are on a quality journey and support a culture of safety, perceptions of potential negative
consequences for the error reporting may persist. Education about a culture of safety and error
review processes can provide a better understanding of how errors are managed and may lead to
increased reporting of medical errors (Cheng, et al., 2020; Kim et al., 2014).
Acuity levels did not show significance at any level in any of the models. This may have
been because acuity is part of the productivity calculation. Therefore, the researcher analyzed for
a possible correlation between productivity and acuity levels to ensure non-collinearity and
found no correlation between variables (p = 0.49). Although acuity levels are important to
determine the care hours assigned to the patient, they were not a contributory variable. An
explanation could be that balancing of staffing assignments occurred, thus eliminating the effect
of acuity levels in the models.
In two of the models, the percentage of BSN degrees or higher were associated with less
medication errors as the proportion of BSN and higher degrees increased. This is congruent with
other study findings. The proportion of BSN or higher in nursing degrees are associated with
better patient outcomes, such as lower congestive heart failure, pressure ulcers, deep vein
thrombosis (Audet et al., 2018: Blegen et al, 2013), and lower risk of mortality and failure to
rescue (Aiken at al., 2014; Audet et al., 2018: Blegen et al, 2013; Harrison et al., 2019). In our
study, a positive effect of nursing degrees on medication errors was found and is the first study to
report these outcomes to the best of our knowledge.
The input (average acuity level, and nursing degrees) and output factors (nursing
medication errors) of the Patient Care Delivery Model (PCDM) (O'Brien-Pallas et al., 2011)
75

were in line with the model. The productivity variable as the throughput factor of the PDCM
denotes staffing utilization levels (targeted versus actual productive hours) influenced by
environmental complexity (ADTs, procedures and level of care) and care delivery (O'BrienPallas et al., 2011). However, this is one specific PCS methodology to determine staffing needs
and is not a standard for all PCS or acuity systems. Standardization of staffing processes is
difficult because of PCS variability which limits the predictability of the PDCM (Roche et al.,
2016). More research is needed to determine workload and common workload factors for
inclusion in the PCS (Fasoli & Haddock, 2010).

Conclusion

Although this study had no statistically significant workload findings, the PCS at the
study’s organizations should be further explored for predictive properties with different nursing
sensitive indicators, a larger sample size and the integration of nursing degrees, which could be
entered into the system as variable. However, data accuracy and underreporting of errors are
important factors that may limit the usability of these systems overall to predict patient
outcomes. Without accurate error data, it is challenging to improve nursing outcomes.
Organizations concerned with patient safety should invest in effective strategies to improve
underreporting of medical errors. The implementation of a comprehensive culture of safety
program and blame free error review processes are essential (Babic, et al., 2018; Brown &
Wolosin, 2013).
Big data is available in the EHR and data analytics should be conducted to explore and
develop predictive models (Zhu et al., 2019) to support decision-making about staffing and
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effects on patient outcomes. The EHR as the only data source for a PCS to calculate nursing
workload may have significant limitations such as an inability to capture other factors’
contributions to workload. Decision-making processes, cognitive workload, stress, fatigue, the
vigilance decrement are human factors that affect performance and outcomes that are not easily
captured in a PCS (Parry et al., 2015; Reason, 2000; Thomas et al., 2018). Additional research is
needed to find ways to incorporate human factors, individual nurse and system characteristics
that may be utilized for workload measurement systems and predicting nursing sensitive
outcomes.
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CHAPTER FOUR: MEDICAL ERROR REPORTING AND ERROR
MANAGEMENT
Abstract

Medical errors are significantly underreported and without accurate error reports, patient
safety improvements cannot be effectively implemented. Additionally, the integrity of research
findings may be compromised. There are many aspects that influence underreporting of medical
errors, such as organizational cultures where punitive actions from leaders inhibits error
reporting. Human factor engineering, a discipline of psychology, offers several error
management models and principles that can help improve the accuracy of error reporting by
evaluating team members action, and structures and processes potentially that may enable errors
to occur. These include the Swiss Cheese Model and the Disciplinary System Theory or a
combination thereof. High reliability organizations implement these principles and are
continuously preoccupied with failure prevention by involving all team members in patient
safety. Education about errors and error prevention, shared governance, and a culture of safety
are additional factors that positively influence patient safety and error reporting.
Error reporting systems contribute to underreporting of errors. Poorly designed systems
that are cumbersome and require substantial amount of time for nurses to use, result in less error
reporting as the clinician prioritizes time for patient care. There are more user-friendly systems
available often at the point of care. New data analytical technology should be used to detect
errors in the electronic health record and provide insightful data to improve patient safety.
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Improving medical error reporting requires a comprehensive strategy and nurses play an
important role as the only healthcare provider interacting with the patient 24-hours a day.
Therefore, nurses are key to ensure the delivery of quality patient care and should be at the
forefront of providing innovative leadership at all levels to drive patient safety and improve error
reporting.

Background

In 2017 the Institute for Healthcare Improvement (IHI) in collaboration with the National
Opinion Research Center (NORC), at the University of Chicago and IHI, and National Patient
Safety Foundation (NPSF) Lucian Leape Institute published the results of a nation-wide survey
of 2,536 adult Americans about the healthcare they received (University of Chicago and
IHI/NPSF Lucian Leape Institute, 2017). One in five participants (21%) reported having
personally experienced a medical error, and 31% reported others close to them experienced a
medical error, with 73% indicating the error had a long lasting effect on their lives (NORC, at
the University of Chicago and IHI/NPSF Lucian Leape Institute, 2017).
To reduce medical errors, it is essential to have a clear understanding what a medical
error is. Many definitions are found in the literature and some are described as adverse events or
injuries (Grober & Bohnen, 2005). For the purpose of this paper the definition of a medical error
is “the act of omission or commission in planning or execution that contributes or could
contribute to unintended results” (Grober & Bohnen, 2005, p. 42).
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According to patient safety experts at Johns Hopkins University, medical errors are the
third leading cause of death in the United States, with more than 250,000 per year (Makary &
Daniel, 2016). These findings were questioned due to poor or inaccurate data reported in
hospital-based event reporting systems of hospitals in the United States (Abbasi, 2016). The
estimates of 160,000 death per year were substantiated in the 2019 Leapfrog Hospital Safety
Grade report conducted in collaboration with the Johns Hopkins Armstrong Institute for Patient
Safety and Quality (The Leapfrog Group, 2020). However, there is no mandatory national
reporting system for medical errors in the United States, which makes it difficult to identify how
many errors occur every year (Meyer, 2019). Although nursing has options to report nursing
sensitive outcomes in two national databases, reporting is only available for organizations that
subscribe to the database registries.
Nursing sensitive indicators are nursing specific patient outcomes most influenced by
nursing care (Montalvo, 2007). Since initiation, the National Database for Nursing Quality
Indicators (NDNQI) nursing sensitive indicators are collected and nationally benchmark measure
the quality of nursing care in addition to the Collaborative Alliance for Nursing Outcomes
(CalNOC, 2020) database registry. Many nursing sensitive indicators are obtained from event
reporting systems such as patient falls, transfer to higher level of care, and surgical errors.
Underreporting of hospital organizations’ medical errors are estimated to range between 50%
and 96% (Mallory, et al., 2003). The purpose of this perspective paper is to offer insight for
nursing leaders on what strategies are effective to improve medical error reporting.
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Factors Affecting Error Reporting

Organizational Culture

The organizational culture sets the tenor for how medical errors are addressed and
managed. Underreporting of errors may occur out of fear of being held accountable or
responsible for the errors (Hashemi, et al., 2012; Soydemir, et al., 2017; Vincent, et al., 1999;
Williams & Ashcroft, 2009). Fears of retribution, of being blamed for the error, of losing their
job, losing their license, economic consequences, and fears of legal action are concerns of nurses
and healthcare workers (Hashemi, et al., 2012; Mallory et al., 2003; Soydemir, et al., 2017;
Stratton et al., 2004). Additionally, concerns include being perceived as incompetent and weak,
and for the lack of leadership support when an error occurs (Hashemi, et al., 2012; Soydemir, et
al., 2017). Therefore, a non-blaming, non-punitive and non-fearful learning culture with training
about patient safety and a culture of safety could improve error reporting (Brilli, et al., 2013:
Kirwan, et al., 2012; Vrbnjak, et al., 2016).
High reliability organizations exemplify cultures of safety at all levels of the organization
(AHRQ, 2019). A culture of patient safety is defined by the shared values of team members
about the functioning and interactions between systems of the organization, (i.e. event reporting
systems, error review methods), shared mental models that promote safety and executive
rounding often measured by benchmarkable safety climate surveys (McFarland & Doucette,
2018; Singer, et al., 2009; Thomas, et al., 2005). An association between improved patient
outcomes and a culture of safety and feeling safe to speak up was found in several studies
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(Babic, et al., 2018; Brown & Wolosin, 2013; Hemingway & Silvestri, 2015). Once a positive
safety culture is achieved, nurses’ attitude towards reporting medication errors improves (Kagan
et al., 2013; Lee et al., 2016). Furthermore, a culture of safety encourages strong
interprofessional collaboration, and ensures availability of resources required to support safety
initiatives (AHRQ, 2019). There are many ways an organization can implement a culture of
safety and high reliability. An example is the Magnet Model from the American Nursing
Credential Center (ANCC). The model necessitates the development of organizational structures
and processes that are well-aligned with the elements of a high reliability organization that
understand the importance of learning from errors to improve patient safety (Beckel, 2016; Oster
& Deakins, 2018).

Event Report Systems

Event or error reporting systems can provide near real-time error reports as they are
managed by the healthcare organization and not by an external resource. However, barriers to
reporting medical errors include event reporting systems that are not user friendly and timeconsuming thereby inhibit the clinician from entering an error (Soydemir et al., 2017; Ulanimo,
et al., 2007). Barriers include: difficult access to the reporting systems, login difficulties,
availability of computers, privacy concerns, age-related issues with using technology, lack of
knowledge about how to use the system, and poor system integration into the EHR (Bayazidi et
al., 2012; Lederman et al., 2013; Soydemir et al., 2017; Stergiopoulos et al., 2016; Tuttle, 2004;
Vinther et al., 2017).
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Machine-learning systems where systems are programmed to automatically learn through
applications, web-based tools, and electronic devices or software applications for use at the point
of care to enter error data are effective tools to improve medical error reporting (Benin et al.,
2016; McKaig, et al., 2014; Rubin et al., 2019). Improving reporting functions was found to
significantly increase the number of event reports (Kuo et al., 2012). This can be accomplished
by end-users involvement in the system design to ensure that the functionality of the system fits
characteristics of different clinicians (Høstgaard, et al., 2011). The reporting system should be
integrated within existing electronic health systems, and while time to enter the data should not
exceed five minutes, two minutes is preferred (Karsh et al., 2006).
Big data is generated to trend and predict outcomes, enabling decision-making support at
the point of care (Zhu et al., 2019). It is the result of large amounts of data collected from
sophisticated electronic health record systems such as Epic (2020) and Cerner (2020). Much of
the collected data is based on prebuilt check boxes, but clinicians prefer to enter free text when
reporting an error to better explain the context of the event (Meystre et al., 2008). Free-form text
documentation systems can be used for analysis through machine learning applications and
identify adverse events or reliable indicators that measure patient safety (Benin et al., 2016;
Jensen et al., 2017; Melton & Hripcsak, 2005; Schreuders et al., 2014). An example of an error
reporting system that resulted in a significant increase of error reporting is the internet-based
Pharmacopeia MEDMARX (Anderson & Abrahamson, 2017). The system describes the error,
includes national benchmarks, a taxonomy of errors, and descriptions of interventions based on
the type of error (Anderson & Abrahamson, 2017). Clinical documentation may be used to track
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and collect nursing sensitive indicators if analytics are built into routine documentation processes
(Nantschev, et al., 2019).

Education

Nurses are not always aware of what events need to be reported. This can be attributed to
a lack of knowledge about the definition of harm, the institutions’ lack of emphasis on safety and
training programs, and individual perception of reportable events (Armitage et al., 2010; Abbasi
et al., 2015; Pronovost et al., 2007). Near misses or events with no patient injury are often not
reported as nurses may not perceive these as important when compared to safety events with
serious injuries (Alomari et al., 2018; Kim et al., 2014). Similar barriers have been described for
reporting nursing specific medication errors. A knowledge deficit on what medication errors to
report and unfamiliarity with the error reporting system contributes to underreporting of
medication errors (Haw, et al., 2014; Rutledge, et al., 2018). Nurses acknowledged that it is
important to report all errors, but only half of the participants would report an error without
patient harm (Almutary & Lewis, 2012). It is important for organizational leaders to foster a
rigorous reporting culture by educating team members about the importance of errors reporting,
and how better understanding of error causality can improve patient safety (Cheng, et al., 2020;
Kim et al., 2014). The next section discusses several methods to effectively manage errors to get
a better understanding of the root causes.

93

Error Management

Reported medical errors are most of the time (50%) due to human factors (Tuttle, 2004).
Understanding how errors occur within the context of the work environment and the influences
of human factors is important for error prevention. The discipline of human factors engineering
(HFE) merges psychology and engineering to consider system design, and human and team
performance in the work environment (Russ et al., 2013). In HFE, systems may refer to work
environments, computers programs or tools, which can be basic or complex systems (Czaja &
Nair, 2006). The operator, or worker, is part of the human-machine system, and may be
influenced by the physical environment, individual characteristics, and team performance
(Proctor & Van Zandt, 1994).
HFE in healthcare is relatively new and nurse leaders play an important role in designing
systems that prevent or reduce errors by including and understanding human cognition as design
factors (Green, 2004). Healthcare systems are complex adaptive systems with workers managing
dynamic work environments, complicated technologies, and high-risk situations (Russ et al.,
2013). Human errors do not occur in isolation as human behavior is often influenced by the
nature of tasks and the design of the work environment (Reason, 1995).
Human errors or unsafe actions (active errors) are often trigged by system design flaws
(latent errors) (Reason, 2000). A human factors example is the retractable needle safety device to
reduce injury due to needle sticks. This device eliminates the need to re-sheath a needle, a
common cause of injury (Fryer, 2012). The same principles can be applied to systems and
processes such as: ensuring adequate staffing to decrease workload, reducing distractions when
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administrating medications, read-back of physician orders, double verification of insulin, policies
and procedures, and appropriate staff training (Patient Safety Centre, 2009). Several error models
were developed in the early 2000’s to help improve safety and can be applied to patient safety
strategies. The most common are the Swiss Cheese Model (Reason, 2000), and the Disciplinary
System Theory by Marx (2001) and a combination of both by Leonard and Frankel (2010).
The Swiss Cheese Model (SCM)
James Reason contributed to the patient safety culture and error management theory
during the 1990 and early 2000’s, and is well-known for the SCM (Reason, 2000). The model
conceptualizes the pathway to failure or error as different slices (layers) of cheese with holes
(errors). The different layers represent system barriers, and active and latent errors. When the
holes are perfectly aligned an error will occur (Reason, 2000). Active errors are contributed to
unsafe conduct while interacting with patients or the system. There are different types of active
errors, but their causality is often found within the system (Reason, 2000). Latent errors reside
within the system and are errors waiting to happen due to system design and procedural
shortcomings such as understaffing, inadequate resources, and inexperience. These types of
errors are difficult to proactively detect until the failure pathway is perfectly aligned resulting in
an error (loss) (Reason, 2000).
An example describes the pathway to error of wrong surgery site. A child with nonEnglish speaking parents had a wrong site inguinal hernia surgery. Several layers of error
prevention failed such as telephone translator communication with the parents and end of day
batching of history and physical dictations by an overworked physician resulting in the wrong
site procedure booking. Furthermore, instead of marking the site, a wrist band was applied, and
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translator telephone consent was obtained from the non-English speaking mother instead of the
father who spoke some English. Despite all the final site verification checks the wrong site
procedure error occurred (Stein & Heiss, 2015). When applying the SCM it becomes evident
how the error occurred. Training and education is one layer where training and simulation of
patient safety create a culture of safety. It was the first day for one of the team members who was
not familiar with specific policies and procedures. Policies contribute to error prevention and
were not followed in this case: the correct site was not marked accurately. The video translation
technology was down, and telephone translation was used to communicate with the non-English
speaking mother. The consent was not verified using the correct history and physical (Stein &
Heiss, 2006). This example illustrates how errors can occur and by examining the different
layers, the issues become apparent and offer insight in solutions to prevent errors.
Disciplinary System Theory (DST)
DST includes four behavioral concepts underpinning the model; human errors, negligent
conduct, reckless conduct, and intentional violations (Marx, 2001). Human errors are common
and are also referred to as mistakes, slips or lapses. It is an unintentional action that can lead to
potential harm (Marx, 2001). Negligent conduct is a failure to perform skills the person should
have known. Reckless conduct is more severe than negligence and can be described as conscious
disregard of an apparent risk. Intentional violations occur when a person knowingly violates a
rule when performing a task (Marx, 2001).
It is important when evaluating errors to include the four behavioral concepts as they may
point to system failures, and training issues. We may learn from these errors to prevent them
from re-occurring. The DST theory has been applied in healthcare and Marx (2001) uses
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examples to illustrate the different type of errors. For example, a memory error occurred when
preparing blood from the blood bank due to a distraction, however the system caught the error
and prevented the wrong blood from being dispensed. Application of the four concepts of errors
revealed it was a human error due to distraction with some level of negligence because the wrong
blood was initially accessed, but no recklessness was involved as the technologist was not aware
of the error, and there was no intentional rule violation (Marx, 2001). Marx’s model became later
more familiar under the term of “just culture” associated with the concept of high reliability
organizations (Frankel, et al., 2006).
Leonard and Frankel Process
The SCM (Reason, 2000) and the DST (Marx, 2001) models were later integrated into a
3-step process developed by Leonard and Frankel (2010). The first step is to determine the
caregiver’s/nurse’s action by identifying five potential nurse behaviors; impaired judgement; was
there malicious action; or reckless action; risky action, or; unintentional error (Leonard &
Frankel, 2010). Each of the behaviors have consequences for the nurse that can range from
disciplinary or legal proceeding if malicious action was involved, and the investigation of the
nurse for reckless action to unintentional error (Leonard & Frankel, 2010).
The second step involves asking three other nurses with the same level of knowledge and
skills to describe their behaviors in similar circumstances. Based on the outcomes of this
assessment reckless action may be related to a system problem or the lack of nurse’s
accountability for their actions. Risky action is most likely due to a system problem.
Unintentional error is often based on system issues and accountability goes to the system leaders
and requires error-proof improvements (Leonard & Frankel, 2010).
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The third step is focused on the nurse. If despite corrective actions there is a history of
mistakes, the nurse is not in the right position and should be evaluated for possible transfer,
coaching or termination (Leonard & Frankel, 2010). This step does not apply to the wrong site
surgery example since the nurse is new to the organization, but if this behavior occurred
repeatedly with a nurse familiar to the organization, corrective actions might be applicable.
This process combines the best of the SCM and DST as it includes a step-wise process
with three questions to determine the caregivers actions and the best responses by leaders to
analyze error risk (Leonard & Frankel, 2010).
Failure Mode and Effect Analysis
Error prevention supersedes error reporting. Aligned with Reason’s SCM is failure mode
and effect analysis (FMEA) (Reason, 2000). The approach is proactive and was initiated in the
U.S. military in the 1940s and is a structured method to identify potential failures in processes,
product designs or services to determine the consequences of those failures (American Society
for Quality [ASQ], 2020). This methodology can be applied to existing process or to new
designs. An interdisciplinary team is assembled that uses standardized tools to determine when
and how failure may occur, how this will affect an outcome, and how failures can be eliminated
(ASQ, 2020) .
An example of an FMEA in nursing is in the management of catheter-related blood
stream (CLABSI) infections in an intensive care unit (Li et al., 2017). An interdisciplinary team
was assembled that examined potential failure modes, causality, consequences and likelihood of
detection in the patient evaluation process, catheter insertion and catheter maintenance (Li et al.,
2017). Flow diagrams and charts to map out the nursing processes were used to determine the
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most consequential failure modes, which were then ranked for severity and occurrences. The
outcomes of the FMEA resulted in a significant (p < .01) decrease of CLABSI compared to the
control group (Li et al., 2019).
These human factor approaches fit the complexity of healthcare systems. Human error
theory should be applied in the design of work environments, training programs, and overall
system designs to reduce errors and improve error reporting (Armitage, et al., 2010).

Relevance to Clinical Practice and Research

Professional nurses are held to the highest standard of practice found in shared/
professional governance cultures (Porter-O’Grady, 2019). This is supported by the ANA Code of
Ethics which describes the commitment of the nurse to the patient to ensure patient safety,
promote the patient’s best interests and preserve the integrity of professional nursing (Fowler,
2015). This requires nurses be knowledgeable about the importance of reporting medical errors
and participate in seeking solutions to inefficient systems and practices. Shared/professional
governance focuses on accountability of nursing practice, quality of care, and competency,
where nurses can contribute to a culture of safety. All of the models discussed support the
development of knowledge about patient safety and should be supported by the organization
(Porter-O’Grady, 2019).
Healthcare organizations may employ a chief nursing informatics officer (CNIO) to
ensure systems support nursing practice. A CNIO, as a representative of nursing leadership, who
supports data-driven changes and nursing practice as a member of the executive team (Ventura,
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2018). The CNIO can ensure processes align with nursing care strategies using information
systems and promotion of innovative technologies that contribute to nursing practice (Sengstack,
2014).
Technology plays an important role as new electronic healthcare systems are developed
that can be designed effectively to mitigate risk for medical errors (Høstgaard, et al., 2011).
However, end-users should be included in designing error-reporting systems (Kuo et al., 2012).
Innovative technology facilitates error reporting, such as mobile device applications and EHR
integrated software application (Benin et al., 2016; McKaig, et al., 2014; Rubin et al., 2019;
Soydemir et al., 2016). Additional technology solutions are offered using data mining and
analytical algorithms integrated into electronic health records (EHRs). These solutions should be
explored further as options for detection and/or prevention of medical errors (Zhu et al., 2019).

Discussion

It’s the responsibility of the executive leadership and every team member to create and
execute a culture of safety. Underreporting of medical errors is a multifaceted problem that
requires multipronged approaches. Healthcare practitioners cannot solve the problem of medical
errors unless tested strategies and error management protocol are implemented (Reason, 2000).
The airline industry has a relentless focus on safety and error prevention by embracing human
factors strategies to improve the culture; crew resource management (CRM) and other standards
to assure the safety of the traveling public (Proctor & Van Zandt, 1994). Although the patient
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safety dialogue has been ongoing in the US since the early 2000’s, progress appears slow as
death rates due to medical errors remain unacceptably high (The Leapfrog Group, 2020).

Conclusion

Improving medical error reporting requires a comprehensive organizational-wide strategy
that includes integration of error models, training, and human factors psychology. Several of
these strategies discussed include:
•

Establishing a non-punitive culture with shared mental models about patient
safety (Culture of safety, just culture)

•

Employing user-friendly event-reporting system to include self-reporting and
technology driven reporting systems

•

Education to all healthcare workers about the importance of error reporting, what
should be reported, and how the errors reports are being used

•

Using proven models for reviewing medical errors, such as the Leonard and
Frankel Process (2010), to ensure a fair risk and behavior analysis

•

Determine the risk of failure proactively using the Failure Mode and Effect
Analysis approach

Nurses play an important role in patient safety as emphasized in the 2011 Institute of
Medicine (IOM) report, Future of Nursing: Leading change, Advancing Health (IOM, 2011),
and inclusion of frontline nurses in organizational decision-making bodies is essential as they are
well-aligned to support patient safety and ensure accuracy of error reporting. Nursing executives
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may lead the organization in developing structures and processes that result in improved nurse
error reporting – principles embedded in high reliability organizations.
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27-Dec-2018

3/3 (100%)
3/5 (60%)
4/5 (80%)
4/5 (80%)
5/5 (100%)
4/5 (80%)
No Quiz
6/7 (86%)
5/5 (100%)
5/5 (100%)
4/4 (100%)
2/3 (67%)
4/5 (80%)
2/3 (67%)
4/5 (80%)
2/5 (40%)
4/4 (100%)
3/3 (100%)
3/3 (100%)
4/4 (100%)

For this Report to be valid, the learner identified above must have had a valid affiliation with the CITI Program subscribing institution
identified above or have been a paid Independent Learner.
Verify at: www.citiprogram.org/verify/?ke191f445-1d21-483b-ac9a-7198a182b1db-29562647
Collaborative Institutional Training Initiative (CITI Program)
Email: support@citiprogram.org
Phone: 888-529-5929
Web: https://www.citiprogram.org
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COLLABORATIVE INSTITUTIONAL TRAINING INITIATIVE (CITI PROGRAM)
COMPLETION REPORT - PART 2 OF 2
COURSEWORK TRANSCRIPT**
** NOTE: Scores on this Transcript Report reflect the most current quiz completions, including quizzes on optional (supplemental) elements of the
course. See list below for details. See separate Requirements Report for the reported scores at the time all requirements for the course were met.
•
•
•
•
•

Name:
Institution Affiliation:
Institution Email:
Institution Unit:
Phone:

•
•
•
•

Curriculum Group:
Fellows/Residents/Students (non-treatment studies)
Course Learner Group: Same as Curriculum Group
Stage:
Stage 1 - Basic Course
Description:
This course is appropriate for students doing class projects that qualify as "No More Than Minimal Risk" human
subjects research.

• Record ID:
• Report Date:
• Current Score**:

Eugene Waterval (ID: 3432430)
Orlando Health (ID: 2133)
1414 Kuhl Ave
Corporate Magnet Department (5810)
407 2739260

29562647
27-Dec-2018
85

REQUIRED, ELECTIVE, AND SUPPLEMENTAL MODULES

MOST RECENT

SCORE

History and Ethics of Human Subjects Research (ID: 498)
Students in Research (ID: 1321)
Orlando Health (ID: 14494)
Informed Consent (ID: 3)
Social and Behavioral Research (SBR) for Biomedical Researchers (ID: 4)
Belmont Report and Its Principles (ID: 1127)
The Federal Regulations - SBE (ID: 502)
Records-Based Research (ID: 5)
Genetic Research in Human Populations (ID: 6)
Assessing Risk - SBE (ID: 503)
Research Involving Prisoners (ID: 8)
Research Involving Children (ID: 9)
Privacy and Confidentiality - SBE (ID: 505)
Research Involving Pregnant Women, Fetuses, and Neonates (ID: 10)
Internet-Based Research - SBE (ID: 510)
Research and HIPAA Privacy Protections (ID: 14)
Avoiding Group Harms - International Research Perspectives (ID: 14081)
Vulnerable Subjects - Research Involving Workers/Employees (ID: 483)
Avoiding Group Harms - U.S. Research Perspectives (ID: 14080)
Basic Institutional Review Board (IRB) Regulations and Review Process (ID: 2)
Populations in Research Requiring Additional Considerations and/or Protections (ID: 16680)

26-Dec-2018
26-Dec-2018
26-Dec-2018
26-Dec-2018
26-Dec-2018
26-Dec-2018
26-Dec-2018
26-Dec-2018
27-Dec-2018
26-Dec-2018
27-Dec-2018
27-Dec-2018
26-Dec-2018
27-Dec-2018
26-Dec-2018
26-Dec-2018
25-Feb-2016
27-Dec-2018
27-Dec-2018
26-Dec-2018
27-Dec-2018

6/7 (86%)
4/5 (80%)
No Quiz
5/5 (100%)
4/4 (100%)
3/3 (100%)
3/5 (60%)
2/3 (67%)
2/5 (40%)
4/5 (80%)
4/4 (100%)
3/3 (100%)
4/5 (80%)
3/3 (100%)
5/5 (100%)
4/5 (80%)
3/3 (100%)
4/4 (100%)
2/3 (67%)
5/5 (100%)
4/5 (80%)

For this Report to be valid, the learner identified above must have had a valid affiliation with the CITI Program subscribing institution
identified above or have been a paid Independent Learner.
Verify at: www.citiprogram.org/verify/?ke191f445-1d21-483b-ac9a-7198a182b1db-29562647

Collaborative Institutional Training Initiative (CITI Program)
Email: support@citiprogram.org
Phone: 888-529-5929
Web: https://www.citiprogram.org
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